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Abstract
Pre-clinical and human neuroimaging research implicates the extended-amygdala (ExtA)
(including the bed nucleus of the stria terminalis [BST] and central nucleus of the amyg-
dala [CeA]) in networks mediating negative emotional states associated with stress and
substance-use behaviours. The extent to which individual ExtA structures form a func-
tionally integrated unit is controversial. We utilised a large sample (n > 1,000 healthy
young adult humans) to compare the intrinsic functional connectivity networks (ICNs) of
the BST and CeA using task-free functional magnetic resonance imaging (fMRI) data
from the Human Connectome Project. We assessed whether inter-individual differences
within these ICNs were related to two principal components representing negative dis-
position and alcohol use. Building on recent primate evidence, we tested whether within
BST-CeA intrinsic functional connectivity (iFC) was heritable and further examined co-
heritability with our principal components. We demonstrate the BST and CeA to have
discrete, but largely overlapping ICNs similar to previous findings. We found no evidence
that within BST—CeA iFC was heritable; however, post hoc analyses found significant
BST iFC heritability with the broader superficial and centromedial amygdala regions.
There were no significant correlations or co-heritability associations with our principal
components either across the ICNs or for specific BST-Amygdala iFC. Possible differ-
ences in phenotype associations across task-free, task-based, and clinical fMRI are dis-
cussed, along with suggestions for more causal investigative paradigms that make use of
the now well-established ExtA ICNs.
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alcohol use, bed nucleus of the stria terminalis (BST/BNST), central nucleus of the amygdala
(CeA), dispositional negativity, extended amygdala (ExtA), intrinsic functional connectivity
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1 | INTRODUCTION
The extended-amygdala (ExtA) is a basal forebrain macrosystem that
describes a set of small, complex and heterogenous subcortical nuclei
between the amygdala and ventral striatum (Alheid et al., 1998;
Alheid & Heimer, 1988; Alheid, 2009; Cassell, Freedman, & Shi, 1999;
Fudge et al., 2017; Johnston, 1923). Its principal structures include
the bed nucleus of the stria terminalis (BST) and the central nucleus of
the amygdala (CeA), as well as portions of the shell of the nucleus
accumbens and the sublenticular extended amygdala (SLEA)
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(an extension of amygdala neurons that connect the CeA and BST)
(Alheid, 2009; Cassell et al., 1999; Fox, Oler, Tromp, Fudge, &
Kalin, 2015; Fox & Shackman, 2019; Lebow & Chen, 2016; Martin,
Powers, Dellovade, & Price, 1991; Stamatakis et al., 2014). This mac-
rostructure, or neuronal continuum, has emerged as key area of inter-
est in the investigation of anxiety, fear, and substance use (Ahrens
et al., 2018; Avery, Clauss, & Blackford, 2016; Fox & Shackman, 2019;
Gilpin, Herman, & Roberto, 2015; Goode, Ressler, Acca, Miles, &
Maren, 2019; Goode & Maren, 2017; Lebow & Chen, 2016; Roberto,
Kirson, & Khom, 2020; Stamatakis et al., 2014; Volkow, Koob, &
McLellan, 2016).
Part of the interest in the ExtA stems from its anatomic location.
With structural connections to areas including sensory, mnemonic,
affective, and regulatory processing regions, the ExtA is strategically
placed to coordinate activities in multiple “limbic lobe” areas for the
development of behavioural responses through its output channels
(Avery et al., 2016; Fox et al., 2015; Fox & Shackman, 2019; Heimer &
Van Hoesen, 2006). As such, and in particular because of its direct
outputs to the hypothalamic pituitary adrenal axis, it has been impli-
cated in multiple behaviours linked to the processing of threat,
stressors, and negative emotional states (Fox & Shackman, 2019;
Giardino et al., 2018; Lebow & Chen, 2016).
That the ExtA is a key component within a stress-related network
further implicates it as an area of interest for substance-use behav-
iours (Avery et al., 2016; Erikson, Wei, & Walker, 2018; Stamatakis
et al., 2014; Volkow et al., 2016). Specifically, the ExtA is thought to
be important in the dysphoric state associated with drug withdrawal
and stress-induced relapse and has been associated with cellular
changes following alcohol use (Avery et al., 2016; Ch'ng, Fu, Brown,
McDougall, & Lawrence, 2018; Erikson et al., 2018; Roberto
et al., 2020; Stamatakis et al., 2014; Volkow et al., 2016). Association
of the ExtA with both alcohol and anxiety is especially interesting
given the high comorbidity between the two, with anxiety often pre-
cipitating alcohol use and being a hallmark of withdrawal (Gilpin
et al., 2015). Experimental evidence for involvement in fear, anxiety,
stress, and substance-use derives from a multitude of lesion,
optogenetic, and neural tracing studies in animals and, more recently,
human neuroimaging studies (for reviews, see Ahrens et al., 2018;
Avery et al., 2016; Ch'ng et al., 2018; Fox & Shackman, 2019; Goode,
Acca, & Maren, 2020; Lebow & Chen, 2016).
Advances in neuroimaging techniques and the recent availability
of high-quality ExtA anatomical masks (Theiss, Ridgewell, McHugo,
Heckers, & Blackford, 2017; Tillman et al., 2018; Torrisi et al., 2015;
Tyszka & Pauli, 2016), have enabled several studies to use intrinsic
functional connectivity (iFC) mapping of task-free functional magnetic
resonance imaging (tf-fMRI) data to examine how ExtA activity is cor-
related with activity in other regions under resting conditions
(Table 1) (Avery et al., 2014; Gorka, Torrisi, Shackman, Grillon, &
Ernst, 2018; Hofmann & Straube, 2019; Motzkin et al., 2015; Oler
et al., 2012; Tillman et al., 2018; Torrisi et al., 2015, 2019; Weis
et al., 2019). This analysis approach allows researchers to identify
“intrinsic connectivity networks” (ICNs) which can serve as an esti-
mate of the brain's functional architecture at rest (Kelly &
Castellanos, 2014; Seeley et al., 2007). The ICNs are highly organised,
reproducible, and are similar to extrinsic (task-driven) co-activation
patterns (Battistella et al., 2020; Suárez, Markello, Betzel, &
Misic, 2020; Thomas Yeo et al., 2011). IFC is correlated with structural
connectivity at around R2 = .5 (Honey et al., 2009; Suárez
et al., 2020). The remaining variance can be explained by co-activation
of regions with indirect connections that, for example, are two or
more synapses removed from each other or between homotopic areas
within each hemisphere that are not directly connected (Suárez
et al., 2020).
Despite some agreement regarding the ExtA ICNs (overlapping
connections to medial prefrontal, hippocampal, wider amygdala, and
thalamic regions), because of data acquisition, processing differences
(such as brain coverage and choice of mask), and repeated use of the
same samples, the convergence between studies can be hard to
assess (Table 1). Thus, our first aim was to establish the ICNs of the
BST and CeA in a large (n= > 1,000) independent dataset—the Young
Adults Human Connectome Project (HCP). A major strength of this
approach is our use of the HCP data. The HCP contains high-quality
imaging data, with most participants having undergone an hour of tf-
fMRI (Glasser et al., 2013, 2016). Scan lengths longer than 10 min are
important as studies have highlighted the negative effects of short
scan times on the stability of brain function estimates (Birn
et al., 2013; Elliott et al., 2020). There is presently some debate as to
whether the ExtA acts mostly as a unified structure, or whether its
components represent separate systems underlying different pro-
cesses, in particular with regard to fear versus anxiety processing or in
the tracking of threat imminence (Fox & Shackman, 2019; Goode
et al., 2019, 2020; Hur et al., 2020; Tillman et al., 2018; Walker,
Miles, & Davis, 2009). Therefore, we utilised this sample to examine
the degree of overlap between the ICNs of the CeA and BST; giving
an indirect indication as to the similarity of their functions (Gorka
et al., 2018; Oler et al., 2012; Tillman et al., 2018; Torrisi et al., 2015,
2019; Weis et al., 2019).
While phenotypes such as anxiety, fear, depression, and sub-
stance use are often studied as if they were separate constructs, they
are frequently highly comorbid and demonstrate an overlap of symp-
toms (Hur, Stockbridge, Fox, & Shackman, 2019; Plana-Ripoll
et al., 2019). Recent work has suggested that these phenotypes can
be represented by broader overarching constructs, conceptualised as
“dispositional negativity” or simply “negative affect” (Hur et al., 2019;
Krueger et al., 2018; Shackman et al., 2018; Shackman, Stockbridge,
et al., 2016; Shackman, Tromp, et al., 2016; Waszczuk et al., 2020).
Genetic correlation studies have lent credence to this hypothesis,
demonstrating that many phenotypically similar traits such as anxiety
and depression also share a large proportion of underlying genetic risk
factors (Allegrini et al., 2020; Hur et al., 2019; Waszczuk et al., 2020).
Human and non-human primate neuroimaging work suggests that dis-
positional negativity traits are associated with networks that include
the ExtA, with a particular focus on the central amygdala (Hur
et al., 2019). Consequently, to expand on this previous work, we
placed self-report questionnaire measures examining phenotypes of
interest (anxiety, depression, fear, and alcohol use) into a principal
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component analysis (PCA). We then used these principal components
to test for associations with the ExtA ICNs. Human studies examining
self-report trait associations with ExtA ICNs have so far been limited
by small sample sizes, which hinder the power to detect an effect.
Here, we addressed this issue by using a large population-level sample
containing multiple measures of relevant phenotypes.
Psychological traits and aspects of brain function, such as iFC, can
be partly attributed to genetics (Adhikari et al., 2018; Colclough
et al., 2017; Elliott et al., 2018; Elliott et al., 2019; Yang et al., 2016).
Because psychological traits are underpinned by the brain, under-
standing whether psychological traits and brain function share under-
lying genetic influences can be useful for identifying where research
may be able to detect biological mechanisms contributing to both.
Despite its apparent importance in a range of psychopathology-linked
behaviours, to our knowledge only one study to date has examined
genetic co-variance of psychopathology-associated traits with ExtA
iFC. This study used a pedigree of rhesus monkeys to demonstrate
that iFC between the CeA and an area consistent with the BST was
co-heritable with anxious temperament (pgr = 0.87) (Fox et al., 2018).
While heritability estimates do not alone provide information about
the nature of shared genetic mechanisms (Turkheimer, 2016), this
result suggests that ExtA iFC and anxiety-related traits may be
influenced by common genetic factors.
Therefore, we used the kinship structure of the HCP data to esti-
mate within BST—CeA iFC heritability and co-heritability with our
principal components. Thus, we aimed to extend the non-human pri-
mate finding of Fox et al. to humans by demonstrating that within
BST-CeA iFC is both heritable and co-heritable with anxiety-related
traits (Fox et al., 2018). Previous evidence has also reported significant
BST iFC to other amygdala sub-nuclei in humans (Hofmann &
Straube, 2019). Hence, we further ran a post hoc analysis to assess
the heritability and co-heritability (with the principle components) of
BST iFC to the centromedial, basolateral, and superficial amygdala
regions.
2 | METHODS
2.1 | Sample descriptions
2.1.1 | The Human Connectome Project
Participants were drawn from the April 2018 release of the Young
Adults HCP study (n = 1,206) (Van Essen et al., 2012). Participants
were between the ages of 25–37 and primarily made up of family
groups, with an average size of three to four members and most con-
taining a MZ (273) or DZ (166) twin pair. Participants were excluded
during initial recruitment for psychiatric, neurological, or other long-
term illnesses, although participants who were overweight, smoked,
or had a history of recreational drug use and/or heavy drinking were
included (Van Essen et al., 2012). For the imaging analysis, our sam-
ples included participants who had at least one tf-fMRI scan
(n = 1,096). Of these, there were 596 females and 500 males. For
detailed recruitment information and for a full list of procedures see:
https://www.humanconnectome.org/study/hcp-young-adult. See the
supplementary material for a breakdown of participants demographic
information.
2.2 | Principal component analysis
In this study, phenotypes of interest were those related to anxiety,
depression, fear, and substance use. There are multiple instruments in
this dataset measuring each of these constructs and these phenotypes
are frequently highly correlated. Therefore, we performed PCA and
reduced data dimensionality by extracting the minimum number of
latent components that summarise the maximum amount of informa-
tion contained in the original measures. The questionnaire measures
outlined in the next section were joined into a single dataset and were
tested for sampling adequacy using a Kaiser–Meyer–Olkin (KMO) test
(Dziuban and Shirkey, 1974), followed by the Barlett's test of spheric-
ity. The measures were standardised automatically during analysis and
missing values were imputed by the mean of the variable (a maximum
of 25/1,206 datapoints, see Table 2). Following the PCA, components
were selected if they had an eigenvalue greater than 1 (Bourbon-Teles
et al., 2019). The PCA was conducted in R Studio using the software
package FactoMineR (Lê et al., 2008).
2.2.1 | Questionnaire selection
The questionnaires used were administered to each participant by the
HCP team and all measures were selected from the NIH toolbox, a
well-validated set of metrics for quick assessment of cognitive, emo-
tional, sensory and motor functions (Weintraub et al., 2013). Items
were selected if they measured anxiety, stress, fear, or substance use.
Where individual items were not provided, we used the relevant ques-
tionnaire subscales (Table 2). For the substance use metrics, we only
included measures of alcohol use, as self-reported smoking and “har-
der” drug use rates were low (<20% for tobacco use, <8% ever used
cocaine). In total, nine measures were selected (Table 2).
2.3 | Image acquisition and pre-processing
2.3.1 | HCP image acquisition
All images were acquired on a 3 Tesla Skyra Siemens system using a
32-channel head coil, a customised SC72 gradient insert (100 mT/m)
and a customised body transmit coil. Tf-fMRI scans took place over
four 15-min runs, split between two sessions (two runs in each ses-
sion). Participants were instructed to keep their eyes open with a fixa-
tion cross being projected onto a screen with a dark background in
front of them. Within each session oblique axial acquisition alternated
between phase encoding in a left-to-right or right-to-left direction.
Functional images were acquired using a multiband gradient echo EPI
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sequence (TR 720 m; TE 33.1 ms; 72 oblique axial slices; FOV
208 × 108 mm2; flip angle 52; matrix 104 × 90; echo spacing
0.58 ms; 1,200 images per run). High resolution anatomical images
were also acquired using a 0.7 mm isotropic T1-weighted 3D
magnetisation-prepared rapid gradient echo sequence (TR 2,400 ms,
TE 2.14 ms, FOV 224 × 224 mm2, flip angle 8) (Glasser et al., 2013;
Smith et al., 2013).
2.3.2 | HCP pre-processing
We used the minimally processed tf-fMRI 3 T dataset, described elsewhere
(Glasser et al., 2013). Scripts to run the pipeline are freely available online at
https://github.com/Washington-University/HCPpipelines. Briefly, the pipe-
line applies gradient distortion correction to account for spatial distortions,
followed by volume realignment to compensate for subject motion, co-
registration of the fMRI data to the structural image, non-linear registration
to MNI space, intensity normalisation to a mean of 10,000, bias field
removal, and masking of data with a brain mask. Structured noise was
cleaned from the data by combining independent component analysis (ICA)
with the automated component classifier tool FIX ICA (Griffanti et al., 2014;
Salimi-Khorshidi et al., 2014). Finally, head motion time series were
regressed out using a 24 confound time series containing the 6 rigid body
parameter time series, their temporal derivatives as well as the resulting
12 regressors squared (Glasser et al., 2013, summarised by Hofmann and
Straube (2019)). This pipeline was optimised for the HCP dataset and had
the aim of maximising the reduction of structured noise components, such
as those caused by subject motion, while retaining spatially specific bold sig-
nal components (i.e., ICNs) (Glasser et al., 2016). This was reportedly
achieved with better than 99% accuracy (Glasser et al., 2016; Griffanti
et al., 2014). To reduce the effects of signal drop-out (Schwaferts, 2017), for
each participant a single 4D image was created by taking a mean of their
scans using the FSLMaths (Jenkinson, Beckmann, Behrens, Woolrich, &
Smith, 2012) mean function. To further mitigate against spurious and
systematic iFC correlations resulting from subject motion, we included mean
frame-wise displacement (MeanFD) as a covariate in the phenotype and
(co)heritability analyses. Participants with a MeanFD of >0.2 mm were
excluded from these analyses (n = 9) (Power, Barnes, Snyder, Schlaggar, &
Petersen, 2012). As a final precautionary check, we ran a correlation
between MeanFD and our phenotypes of interest (the principal compo-
nents and functional connections), which revealed no significant correlations
(supplementary material).
2.4 | Seed-based correlation analysis
2.4.1 | ExtA seed regions
We used two anatomically derived bilateral seed regions for the ExtA,
one for the BST and one for the CeA (Figures 1 and 2). The masks
were downloaded on March 25, 2019 from a repository on the Neu-
roVault website (https://neurovault.org/collections/3245) (Tillman
et al., 2018). All analyses were run separately for each seed region.
Both seeds were thresholded at 25% before use (Tillman et al., 2018)
(Figures 1 and 2).
The 3 T 2 mm BST mask was generated by a manual segmenta-
tion process undertaken on 10 healthy individuals using a scanning
sequence that provided high grey matter/white matter/CSF contrast
(Theiss et al., 2017) (Figures 1 and 2). The protocol was found to have
high reliability among raters (Dice similarity coefficient ≥ 0.85).
The CeA mask was generated by an experienced neuroanato-
mist, building on a process developed through a series of studies
(Birn et al., 2014; Najafi, Kinnison, & Pessoa, 2017; Oler et al., 2012,
2017; Tillman et al., 2018). Briefly, this was achieved using a spe-
cially processed version of the CITI168 high-resolution (0.7 mm),
multimodal (T1/T2) probabilistic template (Tyszka & Pauli, 2016),
and was guided by the Mai human brain atlas (Mai, Majtanik, &
Paxinos, 2015).




DSM_Anxi_Raw Achenbach self-report SUB-scale reflecting DSM oriented anxiety traits 1,198 3.94 2.70
DSM_Depr_Raw Achenbach self-report SUB-scale reflecting DSM oriented depression traits 1,198 4.24 3.45
ASR_Anxd_Raw Achenbach self-report SUB-SCALE REFLECTING “anxious-depression” (traits
empirically derived)
1,198 5.93 5.40
FearSomat_Unadj NIH fear affect survey Somatic symptoms related to arousal 1,205 52.03 8.31
Fear_Affect_Unadj NIH fear affect survey Self-reported fear and anxious misery 1,205 50.28 8.08
PercStress_Unadj Stress and efficacy self-
report
A scale representing how unpredictable, uncontrollable and
overloading respondents find their lives
1,205 48.48 9.17
Total drinks 7 days Alcohol use survey Self-reported alcoholic drinks over the last 7 days 1,179 4.75 7.04
SSAGA_Alc_D4_Dp_Sx Alcohol use survey DSM4 alcohol dependence criteria count 1,204 0.55 0.84
SSAGA_Alc_D4_Ab_Sx Alcohol use survey DSM4 alcohol abuse symptoms count 1,204 0.27 0.58
Note: A description of the questionnaire measures that were entered into the PCA analysis. N refers to the number of participants who had data for that
particular questionnaire.
Abbreviation: PCA, principal component analysis.
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2.4.2 | Whole-brain seed-based correlation
analysis
Seed-based correlation iFC analysis provides a measure of temporal
coherence between a seed-region's blood-oxygenation-level-
dependent (BOLD) activation over time and that of the target regions.
Temporal coherence in tf-fMRI data is used to infer iFC (Battistella
et al., 2020; Suárez et al., 2020; Thomas Yeo et al., 2011). To run the
analysis we used the ciftify_seed_corr tool downloaded from https://
edickie.github.io/ciftify/#/ (Dickie et al., 2019), which was in turn
adapted from the HCP minimal processing pipeline (Glasser
et al., 2013). This works by first extracting a mean time-series of the
seed-region. This time-series is then correlated with the mean time-
series of the target regions, producing a Fisher's r correlation map.
These correlation coefficients are then converted to normally distrib-
uted z-scores using a Fisher r-z transform (Fisher, 1915). This pro-
duces a z-map for each participant that represents the strength of the
correlation of activity for each target region and the seed-region. We
used a whole-brain voxel-wise approach, meaning that our target
regions were every 2 mm voxel in the brain.
2.5 | fMRI statistical analysis
2.5.1 | Permutation-based one-sample t tests
Following the creation of a single z-map for each participant, all of
these images were visually inspected. Twenty-three participants had
images removed from further analysis due to having either sections of
the signal missing or for having z-score distributions containing too
many values within the outer or inner tail distributions (assessed via
fslstats -r-R and histogram plots). The remaining 1,071 participants
had their images merged across all participants to create a 4D image
using the fslmerge tool (Jenkinson et al., 2012). Permutation-based
one-sample t tests were then run to see which voxels had activity that
was significantly correlated with the seed-regions across all partici-
pants. This was done using FSL's PALM command line tool (Winkler
et al., 2016).
For the quantification of the whole brain ICNs, we wanted the
results to be generalisable to the wider population, thus we were not
interested in the influence of family effects across the whole network.
Therefore, because our sample was made up of siblings, it was impor-
tant to account for relatedness such that model estimations were not
inflated. PALM permits a kinship matrix that details the family struc-
tures within the population. PALM shuffles the data within and
between blocks according to this family structure, avoiding relatedness
F IGURE 1 The bed nucleus of the stria terminalis (BST) (blue) and central nucleus of the amygdala (CeA) (red) seeds
F IGURE 2 The bed nucleus of the stria terminalis (BST) seed
(blue), coronal section
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confounding the results. The kinship file was generated with the
HCP2Blocks MATLAB script provided online at https://brainder.org/
2016/08/01/three-hcp-utilities (Winkler, Webster, Vidaurre, Nichols, &
Smith, 2015).
PALM has several optional commands. We used threshold-free
cluster-enhancement (TFCE) and Gamma approximation. Briefly, TFCE
enhances cluster-like structures in the data without having to define
somewhat arbitrary cluster thresholds beforehand (Smith &
Nichols, 2009). Gamma approximation is an option used to speed up
the analysis by running a smaller number of permutations, computing
empirically the moments of the permutation distribution and then
fitting a gamma distribution (Winkler et al., 2016). The number of per-
mutations used was 1,000.
2.5.2 | Post hoc thresholding of PALM output
images
Given the large sample size, the vast majority of voxels in the brain
were statistically significantly correlated to our seed-regions after
family wise error rate correction. To reveal meaningful connections
and to reduce noise, we further thresholded the images post hoc
using the t-statistic. This was done by visually inspecting the output
images and choosing a t-score that met the criteria of delineating
meaningful anatomical structures in the brain, while keeping the maxi-
mum amount of signal (Tillman et al., 2018). The t-threshold we used
for both seed-images was 9. Using the -saveglm option from PALM,
we saw that this equated to a minimum Cohen's d value of 0.275
(Winkler et al., 2016). While we are confident this was an appropriate
threshold, given the somewhat arbitrary nature of this method,
thresholded and un-thresholded output images have been uploaded
to NeuroVault for inspection at https://identifiers.org/neurovault.
collection:8076.
2.5.3 | Analysing shared and unique BST and CeA
networks
To assess the shared ICNs between the BST and CeA, we used a mini-
mum conjunction (Boolean “AND”) to combine the t-thresholded
PALM output images of each seed (Nichols, Brett, Andersson,
Wager, & Poline, 2005; Tillman et al., 2018). This created a new image
displaying the areas of ICNs that overlapped between the two ExtA
regions.
To assess the unique BST and CeA networks, we performed a sin-
gle group paired difference t test using the method outlined on the
FSL GLM website (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/GLM#Single-
Group_Paired_Difference_.28Paired_T-Test.29). Briefly, to get the
unique BST ICN, we subtracted each participants BST z-score image
from their CeA z-score image and then ran a one-sample permutation
t test on this difference map. This was repeated for the CeA network
(CeA—BST z maps, followed by a one-sample t test). A mask was used
to restrict analysis to the regions that were found to be connected to
one or both seeds in the original one-sample t tests, thus avoiding the
need to interpret differences in regions not significantly connected to
the seeds (Tillman et al., 2018).
2.5.4 | Region identification
Connected regions were identified using a mixture of the Oxford cor-
tical/sub-cortical atlas and the Juelich Histological Atlas, both pro-
vided with FSL (Jenkinson et al., 2012). For iFC to basal ganglia
structures and the hypothalamus, we used a collection of masks pro-
vided online at Neurovault (https://identifiers.org/neurovault.
collection:3145) (Pauli, Nili, & Tyszka, 2018).
2.6 | Intrinsic connectivity networks and principal
component association tests
Following the one-sample t tests for each seed region, we then cre-
ated a mask of the t-thresholded significantly connected regions. This
mask was then applied to the 4D image of participants connectivity z-
maps to select only the thresholded connected voxels for association
testing with our PC's and for gender effects. We used the PALM
command-line tool, with TFCE, Gamma-approximation, and event
blocks to control for family relatedness (see Section 2.5.1). As well as
the standard correction for multiple comparisons within each image,
PALM further allows for correction across different contrasts with the
-corr-con option (Winkler et al., 2016). This option was used along
with the -demean function, which mean-centres the variables, and the
-cmcx function, which allows for synchronised permutations account-
ing for repeated elements in the design matrix. Three tests were run
in total on each seed-image, one each for the two principal compo-
nents and one for gender (male, female). Age, age2, gender, and
MeanFD were used as covariates for all tests, except that gender was
of course not included as a covariate for the direct test of gender
effects. The number of permutations was 2000 for each test.
2.7 | Within BST—amygdala heritability, co-
heritability, and phenotype association analysis
We used the SOLARIUS package for R (Ziyatdinov et al., 2016) to
assess the following the (a) heritability of within BST-CeA iFC; (b) co-
heritability of the within BST-CeA iFC with each of the two principal
components; and (c) phenotypic (rho), genetic (rhog), and environmen-
tal (rhoe) correlations between BST-CeA iFC and each of the two prin-
cipal components. We further ran a post hoc analysis, conducting the
same tests but examining BST iFC with the superficial, centromedial,
and basolateral amygdala regions. These regions were defined using
the Juelich Histological Atlas, thresholding the probabilistic masks at
50% (Eickhoff et al., 2005) (Figure 3).
SOLARIUS is the R version of the widely used SOLAR-eclipse
software for genetic analysis (Almasy & Blangero, 2010). SOLAR uses
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a kinship matrix to estimate the proportion of variance in a phenotype
attributable to additive genetics, the environment, or to residual error. In
this case, we were only permitted to calculate the additive genetic compo-
nent, as to partition environmental and error effects you require house-
hold information that is not provided by the HCP. In this model,
monozygotic twins are given a score of 1 and dizygotic twins /siblings of
0.5 to indicate the estimated proportion of shared genetic variation. Half-
siblings were excluded from the analysis (n = 88). The pedigree file was
created using the HCP2Solar MATLAB function, a tool specifically
designed for the HCP participants (https://brainder.org/2016/08/01/
three-hcp-utilities) (Winkler et al., 2015). Because the model is sensitive to
kurtosis, the phenotype values were inverse normally transformed.
SOLARIUS allows analysis of co-heritability by computing bi-variate
genetic correlations (Kochunov et al., 2019). During the analysis,
SOLARIUS computes an estimate of phenotypic, genetic, and environmen-
tal correlation between the variables, which we used to assess the rela-
tionships between the clusters iFC and component scores. Participants
were excluded if they had a MeanFD >0.2 mm (N = 9). The covariates for
all analyses were MeanFD, sex, age, age2, sex × age, and sex × age2. The
final number of participants in these analyses was n = 933. For discussion
on using SOLAR for genetic neuroimaging, see Kochunov et al. (2019).
3 | RESULTS
3.1 | BST and CeA intrinsic functional connectivity
networks
All connected regions described below are the regions visible after
the thresholding at t = > 9. Negative correlations were observed only
within small regions surrounding the ventricles or white matter, and
are not reported here. See Tables 3 and 4 for significantly connected
clusters with more than 10 voxels. Interactive 3D images of the
results have been uploaded to NeuroVault at https://identifiers.org/
neurovault.collection:8076.
3.1.1 | Shared BST and CeA intrinsic functional
connectivity
Both the BST and CeA showed significant connectivity with areas
including the bilateral hippocampus, superficial amygdala, anterior and
posterior-dorsal insula, frontal orbital cortex, medial prefrontal cortex,
frontal pole, anterior paracingulate gyrus, superior temporal gyrus,
central opercular cortex, precuneus cortex, and the hypothalamus
(Figures 4 and 5, right). There was further shared iFC with pre- and
post-central gyri, extending bilaterally to primary motor and sensory
regions, and shared connectivity with the angular gyrus/superior lat-
eral occipital cortex. There were no significant voxels directly within
either the BST or CeA masks, suggesting that the two regions were
not co-activated at rest. There was however a bilaterally BST-
connected amygdala cluster directly adjacent (within a single voxel) to
the CeA mask (Figure 6). The bilateral SLEA region connecting the
BST and CeA also demonstrated overlapping connectivity (Figure 7).
3.1.2 | BST > CeA connectivity
The BST had more extensive iFC with the occipital lobe, in particular
within the superior occipital cortex, the intracalcarine cortex, and at the
occipital pole (Figures 4 and 8, left). There was also greater BST iFC with
the posterior and anterior cingulate gyrus, posterior thalamus, precuneus
cortex, left and right caudate, globus pallidus, lateral superior frontal gyrus,
paracingulate gyrus, and ventral tegmental area (Figures 4 and 8, left).
3.1.3 | CeA > BST connectivity
The CeA had greater iFC with the dorsal medial pre-frontal cortex,
frontal pole, temporal pole, central insular, anterior and superior tem-
poral gyrus, supramarginal gyrus, mid-line superior frontal gyrus, sub-
callosal cortex, and lateral globus pallidus (Figure 4, middle; Figure 8
right). There was also greater iFC around the surrounding amygdaloid
areas (Figure 5, middle) and more extensive connectivity within the
SLEA and amygdalo-hippocampal regions (Figure 6, middle).
3.2 | PCA results
The selected questionnaire items (Table 2) passed the KMO test
(overall MSA = 0.8) and Bartlett's test of sphericity (χ2(36) = 5,103.77,
p < .001) indicating that the data was appropriate for PCA. PCA rev-
ealed two components with eigenvalues greater than 1 (3.84 and
1.75). These components together explained 62.12% of variability in
the data (Figure 9, bottom right). The first component loaded
F IGURE 3 The Juelich Histological Atlas (Eickhoff et al. (2005))
amygdala subregions. Blue = basolateral, green = centromedial,
red = superficial. Masks shown were thresholded at 50%
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TABLE 3 : Significantly connected clusters to the BST
Cluster index Voxels Max t X Y Z Hemisphere Region(s) in cluster
271a 6,135 16.6 45.8 30 46.2 B Precuneus cortex, lateral occipital cortex, occipital pole,
posterior cingulate gyrus, intracalcarine cortex, middle/
superior temporal gyrus, angular gyrus, left hippocampus
dentate gyrus, left hippocampus subiculum, left
hippocampus cornu ammonis, lingual gyrus, ventral
posterior thalamus
270 3,419 15.3 47.5 53.6 61.5 B Post-central gyrus, pre-central gyrus, primary somatosensory
cortex, pre-motor cortex, primary motor cortex, inferior-
frontal gyrus, Broca's area, anterior cingulate gyrus
269 665 14.8 70.9 53.4 41.5 L Central opercular cortex, primary auditory cortex, insular
cortex
268 565 15.2 18.5 54.7 41.9 R Central opercular cortex, primary auditory cortex, insular
cortex
267 279 13.1 45.2 91.8 39.3 B Frontal pole, paracingulate gyrus, frontal medial cortex
266 138 11.9 33.3 24.9 28.2 R Occipital fusiform, lingual gyrus
265 136 13 56.5 77.2 59.7 L Middle frontal gyrus, superior frontal gyrus
264 86 12.1 64.6 62.7 65.2 L Pre-central gyrus, middle frontal gyrus, pre-motor cortex BA6L
263 50 10.7 20.1 74 49.8 R Middle frontal gyrus, Broca's area BA45, inferior frontal gyrus
262 43 12.2 32.5 77.2 59.9 R Superior frontal gyrus, middle frontal gyrus
261 36 15.4 32.5 54.2 27.9 R Hippocampus cornu ammonis, hippocampus dentate gyrus,
hippocampus subiculum, posterior amygdala
260 32 11.2 27.7 80.7 30.3 R Frontal pole, frontal orbital cortex
259 24 10.6 24.5 36.8 25.2 R Temporal occipital fusiform cortex
258 22 11.5 70.2 29.4 30.1 L Lateral occipital cortex inferior division
257 21 11.4 63 79.6 29.9 L Frontal orbital cortex
256 21 12 35.9 62.9 29.3 R Amygdala superficial group
255 19 10.2 62.8 17.8 38 L Visual cortex V3VL, visual cortex V4
254 19 11.9 53.8 62.2 29 L Amygdala superficial group
253 16 12.4 62.3 65.6 27.3 L Insular cortex (anterior, ventral regions)
252 14 11.5 28.2 66.7 27.2 R Insular cortex (anterior, ventral regions)
251 14 10 29.6 35.2 66.4 R Superior parietal lobule 7AR
250 14 10.9 32.1 72.6 58 R Middle frontal gyrus
249 13 10.5 57.2 16 44.6 L Occipital pole, visual cortex V2 BA18L, visual cortex V3VL
248 13 10.1 52.3 26.1 63.9 L Superior parietal lobule 7P
247 12 11.3 40.7 88 31.3 R Frontal medial cortex, frontal pole
246 12 47.9 41.1 63.1 35.8 R Thalamus (anterior)
245 12 10 24.9 20.1 42.9 R Lateral occipital cortex superior division
244 12 10.6 68.4 22.7 38.8 L Lateral occipital cortex inferior division
243 11 16.8 41.6 66.9 37.4 R Caudate (posterior)
242 10 10.7 61.9 33.7 65.2 L Lateral occipital cortex superior division, superior-parietal
lobule 7AL
241 10 10.7 61.2 35 26.4 L Temporal occipital fusiform cortex
Note: Significantly connected clusters to the BST following the one-sample permutation test. Images were thresholded at t= > 9 before clusters were
identified. Brain regions were listed if they had >50% chance of being within a cluster. Max t is the maximum t-stat located within a cluster. X, Y, and Z
columns represent the location of the centre of gravity for the cluster. Hemi indicates the hemisphere in which the cluster resides where B = bilateral,
R = right, and L = Left. For ease of interpretation, clusters shown are those with a minimum of 10 connected voxels.
Abbreviation: BST, bed nucleus of the stria terminalis.
aThe large 271 cluster may better be reflected as two clusters, one within the occipital/parietal cortex and the other covering the left hippocampal regions
seen in cluster 261.
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positively on measures capturing negative disposition, such as anxiety,
depression and perceived stress, and was therefore named the “negative
disposition” component. The second component had significant loadings
from alcohol measures and was therefore labelled the “alcohol use” com-
ponent. See Table 5 and Figure 9 for a breakdown of the PCA results.
3.3 | ExtA intrinsic connectivity networks and
principal component associations
3.3.1 | Intrinsic functional connectivity networks
and principal components
The PALM corr-con analysis provided no evidence that the negative
disposition or alcohol use components were significantly associated
with increased or decreased iFC across the ExtA ICNs in our sample.
Gender was also not associated with the BST or CeA ICNs after cor-
rection for multiple comparisons.
3.4 | Within BST—amygdala iFC heritability
analysis
3.4.1 | Univariate heritability analysis
Twin-based heritability analysis of within BST—CeA iFC found no evi-
dence for heritability (Table 6). Analysis of within BST-centromedial
iFC found that this connection was significantly heritable at
H2r = 0.15 (Table 6). BST-superficial iFC had a heritability estimate of
H2r = 0.14, but was marginally outside the bounds of statistical
TABLE 4 : Significantly connected clusters to the CeA
Cluster index Voxels Max t X Y Z Hemisphere Region(s) in cluster
101 1,303 20.3 71 55.9 52.3 L Somatosensory cortex BA1/BA3b, primary motor cortex BA4a,
premotor cortex BA6, planum temporale, central opercular cortex,
pre-central gyrus, temporal pole, primary auditory cortex, dorsal
posterior insular
100 1,141 19.9 18.9 56.6 54.1 R Somatosensory cortex OP4/BA3b/BA1, primary motor cortex BA4p,
planum temporale, central opercular cortex, pre-central gyrus,
primary auditory cortex
99 831 18 72.8 44.4 38.8 L Superior temporal gyrus anterior and posterior division, temporal pole,
lateral occipital cortex superior division, supramarginal gyrus
posterior division, angular gyrus, inferior parietal lobule
98 803 17.7 16.8 48.7 36.5 R Superior temporal gyrus anterior and posterior division, temporal pole,
middle temporal gyrus posterior division, supramarginal gyrus
posterior division, angular gyrus, lateral occipital cortex superior and
inferior division
97 318 14.9 45.8 91.7 49.2 B Frontal pole (dorsal), superior frontal gyrus (anterior)
96 263 46.5 32.8 60 28.5 R Insular cortex, superficial amygdala, temporal pole, laterobasal
amygdala, hippocampus cornu ammonis, hippocampus dentate gyrus,
sublenticular extended amygdala
95 221 47.4 56.4 59.5 28.3 L Insular cortex, superficial amygdala, temporal pole, laterobasal
amygdala, hippocampus cornu ammonis, hippocampus dentate gyrus,
sublenticular extended amygdala
94 174 17.1 44.9 91 31.7 B Frontal medial cortex, frontal pole
93 145 15.5 44.9 33.8 51.7 B Precuneus cortex, posterior cingulate gyrus
92 57 15.6 64.8 76.9 29 L Frontal orbital cortex, dorsal temporal pole
91 41 13.7 24.5 48.2 45.9 R Parietal operculum cortex, inferior parietal lobule PFcm
90 35 17.6 45 65.5 29.5 B Posterior subcallosal cortex
89 33 15 26 58.9 43.9 R Insular cortex (dorsal, posterior), central opercular (posterior)
88 32 12.9 66.1 45 45.1 L Parietal operculum cortex, planum temporale, primary auditory cortex
87 31 14.8 26.5 80.2 30 R Frontal pole (ventral), frontal orbital cortex (anterior)
86 16 12.2 46 50.1 64.4 L Primary motor cortex BA4a
85 14 12.5 29.6 22.6 18.6 R Cerebellum horizontal fissure
Note: Significantly connected clusters with the CeA following the one-sample permutation test. Images were thresholded at t= > 9 before clusters were
identified. Brain regions were listed if they had = > 50% chance of being within a cluster. Max t is the maximum t-stat located within a cluster. X, Y, and Z
columns represent the location of the centre of gravity for the cluster. Hemi indicates the hemisphere in which the cluster resides where B = bilateral,
R = right, and L = Left. For ease of interpretation clusters shown are those with a minimum of 10 connected voxels.
Abbreviation: CeA, central nucleus of the amygdala.
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significance after FDR correction (Table 6). BST-basolateral iFC
showed no evidence of significant heritability (Table 6). PC1 (negative
disposition) was significantly heritable at H2r = 0.22, and PC2 was sig-
nificantly heritable at H2r = 0.23 (Table 6). Age2 was a significant co-
variate for the negative disposition PC; however, it only explained a
small amount of variance (0.009). Sex was a significant covariate for
the alcohol use PC, with being male demonstrating a small positive
influence on the score (0.01).
F IGURE 4 The bed nucleus of the stria terminalis (BST) and central nucleus of the amygdala (CeA) share a common intrinsic functional
connectivity pattern, in particular with pre-frontal cortex, amygdala, hippocampus, superior temporal sulcus, insula, and precuneus. They also
share connectivity with areas of the motor and sensory cortex
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3.4.2 | Bivariate heritability analysis
Co-heritability analysis did not reveal any significant phenotypic, envi-
ronmental, or genetic correlations with either of the principal compo-
nents for any of the amygdala sub-regions (see supplementary
material for bivariate SOLARIUS outputs).
4 | DISCUSSION
4.1 | Summary of findings
Using a large young adult human sample, we revealed distinct, but
overlapping, ExtA ICNs that are largely consistent with findings from
smaller previous human neuroimaging studies (Avery et al., 2014;
Gorka et al., 2018; Oler et al., 2012, 2017; Tillman et al., 2018;
Torrisi et al., 2015; Weis et al., 2019). Genetic analysis of within
BST- CeA iFC provided no evidence for a heritable connection.
However, post hoc analysis of amygdala sub-regions revealed evi-
dence for small heritability estimates for BST-centromedial and
superficial regions. PCA reduced scores on nine questionnaire mea-
sures of anxiety, fear, depression, and substance use to two compo-
nents, which we interpret as “negative disposition” and “alcohol
use.” Contrary to our hypotheses, we report no evidence for associa-
tions of these phenotypes across the ExtA ICNs. We also found no
evidence that specific BST iFC to any of the tested amygdala regions
were co-heritable or otherwise correlated with either of the
components.
F IGURE 5 Axial section demonstrating shared connectivity of bed nucleus of the stria terminalis (BST) and central nucleus of the amygdala
(CeA) with the hippocampus, insular, temporal gyri, frontal orbital and medial prefrontal cortex. The CeA has more extensive connectivity
generally with each of these regions and of note displays unique connectivity along amygdalo-hippocampal regions
F IGURE 6 The bed nucleus of the stria terminalis (BST)-correlated amygdala cluster (red) and central nucleus of the amygdala (CeA)
seed (blue)
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4.2 | Intrinsic connectivity networks of the ExtA
Our shared ICN results are in broad agreement with the previous liter-
ature, specifically demonstrating overlapping connections within a
now widely reported ExtA ICN that includes the mPFC, bilateral hip-
pocampus, insular regions, wider amygdala areas, and the precuneus
(Avery et al., 2014; Gorka et al., 2018; Pedersen et al., 2020; Tillman
et al., 2018; Torrisi et al., 2015, 2019; Weis et al., 2019). We report
shared iFC to lateral temporal regions, including the superior and mid-
dle temporal gyri and the temporal poles, again largely consistent with
previous human iFC results. Whist amygdala structural connections to
lateral temporal regions are well characterised (Folloni et al., 2019;
Janak & Tye, 2015; Klingler & Gloor, 1960), this is not the case for the
BST and it has been suggested that BST-temporal pole connectivity
may even be unique to humans (Avery et al., 2014). We demonstrate
shared iFC to areas of the sensory/motor cortex, auditory regions,
and to lateral occipital areas, something also reported by Tillman
et al. (2018). This largely cortical sensory-motor connectivity is consis-
tent with the suggestion that the ExtA serves as an integrator of sen-
sory information, which can then prepare the motor and endocrine
systems to act according to the emotional salience and threat-
relevance of the stimuli (Ahrens et al., 2018; Fox & Shackman, 2019;
Goode & Maren, 2017; Lebow & Chen, 2016). Our finding of iFC with
frontal regions, in particular the mPFC, is consistent with non-human
primate neural tracer studies and human structural imaging work dem-
onstrating direct structural connectivity with both the amygdala and
BST (Chiba, Kayahara, & Nakano, 2001; Crawford, Muhlert, MacDon-
ald, & Lawrence, 2020; Folloni et al., 2019; Krüger, Shiozawa,
Kreifelts, Scheffler, & Ethofer, 2015); a finding coherent with theories
of emotion regulation (e.g., Banks, Eddy, Angstadt, Nathan, &
Phan, 2007; Fox et al., 2010).
For the BST, we report a unique cluster of iFC within visual areas
(including V1, V2, and the occipital fusiform gyrus), the posterior
thalamus, and the posterior cingulate gyrus. Although BST-occipital
connectivity is not commonly reported in human or pre-clinical
research (McDonald, 1998), a similar pattern was revealed by Tillman
et al. (2018), who demonstrated a remarkably similar cluster of iFC in
humans stretching from the posterior thalamus, through the lingual
gyrus and into the visual cortices. Additionally, a recent study compar-
ing patients with anxiety disorder to controls also reported an unex-
pected coupling of these two regions, suggesting that abnormal
coupling of the BST to the occipital cortex could reflect differences in
anxiety-based interpretation of, or attention to, visual stimuli (Torrisi
et al., 2019). Our finding of BST connectivity with areas of the basal
ganglia and VTA has been widely reported in human imaging and pre-
clinical neuronal tracer work, whereas iFC with the paracingulate
gyrus is only reported in the human literature ( Avery et al., 2014;
Gorka et al., 2018; Tillman et al., 2018; Torrisi et al., 2015; Weis
et al., 2019). Diffusion tensor imaging by Avery et al. suggested that
the human BST and paracingulate are not structurally connected, indi-
cating an indirect functional connection mediated through other
structures (Avery et al., 2014).
The CeA exhibited a large cluster of iFC within the mPFC, com-
mensurate with pre-clinical tracer and human neuroimaging research
demonstrating widespread reciprocal structural connections between
the amygdala and pre-frontal regions (Aggleton, Wright, Rosene, &
Saunders, 2015; Chiba et al., 2001; Folloni et al., 2019). Temporal lobe
connectivity was more robust for the CeA than the BST, reaching
deeper into the brain to the mid-insular and extending further out to
an area of the superior temporal regions to the end of the bilateral
temporal poles. Extensive amygdala connectivity to the insular and
lateral temporal regions has been demonstrated in non-human pri-
mate research as well as in human FC and diffusion MRI studies
(Folloni et al., 2019; Janak & Tye, 2015; Klingler & Gloor, 1960). Of
interest, a recent human tf-fMRI mapping of iFC in anxiety disorder
patients found that CeA connectivity to the superior temporal gyrus
F IGURE 7 Clusters of connectivity in the region of the sublenticular extended amygdala (SLEA) (blue arrows). This pattern of activity is
similar to that reported by Tillman et al. (2018) (Figure 3)
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F IGURE 8 Results of the single group
paired-difference t test, showing the unique
intrinsic functional connectivity (iFC) to the
bed nucleus of the stria terminalis (BST) or
central nucleus of the amygdala (CeA)
seeds. The BST has greater connectivity
with lateral occipital regions and
paracingulate gyrus, whereas the CeA has
stronger connectivity with the surrounding
amygdala, dm-PFC, temporal poles, and the
anterior and superior temporal gyri
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was significantly stronger compared to a control group (Torrisi
et al., 2019). The CeA demonstrated unique iFC to wider amygdala
structures, as well as the amygdalo-hippocampal regions. Amygdala–
hippocampal connections are thought to be key in the processing of
emotionally salient events and manipulation of memory under stress,
with the CeA in particular implicated in context-dependent retrieval
of cued fear memories (de Voogd, Klumpers, Fernández, &
Hermans, 2017; Sylvester et al., 2020; Xu et al., 2016). Because we
F IGURE 9 Principal component analysis (PCA) plots. Top left: The circles represent the strength of contribution (cos2) of each questionnaire
measure to the principal component. Most measures are represented well by the two principal components (co2 > 5), with FearSomat and Total
Drinks 7Days being the least well represented. Bottom left: The correlation circle shows positively correlated variables as being grouped together.
Negatively correlated variables are positioned on opposite sides of the plot. Variables that are away from the centre are well represented by that
component. Here, it is shown that we can neatly cluster two separate components, representing negative disposition (PC1) or alcohol use (PC2).
Bottom right: The screen plot displays the amount of variance explained by each component. The first two components capture 62% of the total
variance of the original questionnaire measures. See Table 2 for a description of questionnaire measures
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only measure correlated BOLD activity, without taking into account
more elaborate models that assess causality, we are not permitted to
make inferences regarding the direction of connectivity (Rogers, Mor-
gan, Newton, & Gore, 2007). However, an extensive body of work on
the amygdala suggests that many of the CeA connections are medi-
ated through the basolateral amygdala to the CeA, which in turn
serves primarily as an output to basal forebrain structures (Janak &
Tye, 2015). The picture is complex, however, and many studies have
also shown direct structural connections with the CeA region, for
example, from agranular and dysgranular regions of the insular in
Macaques and from the ventral hippocampus in mice (Stefanacci &
Amaral, 2002; Xu et al., 2016).
Given pre-clinical and human imaging results demonstrating
structural and functional connectivity between the CeA and BST
(Avery et al., 2014; Davis, Walker, Miles, & Grillon, 2010; Fox
et al., 2018; Gorka et al., 2018; Hofmann & Straube, 2019; Martin
et al., 1991; Oler et al., 2017; Torrisi et al., 2015), we expected to find
evidence of strong iFC between our BST and CeA masks, however
this was not quite the case. After thresholding, we did not find evi-
dence of CeA iFC with the BST, although we did find a bilateral BST-
functionally connected region directly adjacent to the original CeA
mask (Figure 6). Given the small size of the structures, many studies
refer to “areas consistent with” the BST and CeA (Fox &
Shackman, 2019). These discrepancies can likely be explained by the
difficultly of accurately delineating the amygdala sub-regions using
MRI and/or the noisy nature of tf-fMRI data (Kedo et al., 2018;
Sylvester et al., 2020).
Our results revealed minimal connectivity to the thalamus. Given
thalamic connectivity is widely reported in structural and functional
studies in both pre-clinical and human studies (Fox et al., 2015; Fox &
Shackman, 2019; Lebow & Chen, 2016), it seems likely that this may
be due to a difference in data acquisition or pre-processing. Although
speculative, the discrepancy could perhaps be explained by signal
drop-out, something that has been shown to affect FC estimates of
the thalamus in the HCP data (Schwaferts, 2017).
In general, though, our findings are highly consistent with the
smaller previous studies, and in particular are similar to those of
Tillman et al. who, in a different sample, used the same BST and CeA
masks (Tillman et al., 2018). While needing to be formally evaluated,
this similar pattern of results across samples suggests the existence of
a reliable ExtA ICN in healthy humans. If validated, this network could
be used as a standard to compare against clinical groups; a technique
already used with some success for anxiety disorder patients
(Pedersen et al., 2020; Torrisi et al., 2019).
4.3 | Heritability and co-heritability of within
BST-amygdala iFC
Contrary to recent primate evidence (Fox et al., 2018), we do not
report evidence of a heritable functional connection between the BST
and CeA. A post hoc analysis did reveal evidence for a small magni-
tude of heritability between the BST and the centromedial and super-
ficial amygdala regions; however, there was no evidence of iFC co-
heritability with either of the principal components (negative disposi-
tion, alcohol use).
Although brain morphology and development are reliably heritable
(Jansen, Mous, White, Posthuma, & Polderman, 2015), this is not
TABLE 5 Principal component loadings










Note: This table shows the contribution of each variable to the two
principal components (cos2). Highlighted are the items that have a cos2 of
.5 and above.
TABLE 6 Results of the univariate heritability analysis
Phenotype H2r H2r SE p FDR-corrected Significant covariates
BST—superficial amygdala iFC 0.138 0.079 .035* 0.052 None
BST—laterobasal amygdala iFC 0.032 0.076 .334 0.401 None
BST—CeA amygdala iFC 0a NA .500 0.5 None
BST—centromedial amygdala iFC 0.149 0.077 .021* 0.042* None
PC1 (negative disposition) 0.218 0.081 .002** 0.006** Age2 (p = .02*, variance explained = 0.009)
PC2 (alcohol use) 0.225 0.078 .001** 0.006** Sex (p = .01*, variance explained = 0.016)
Note: SOLARIUS heritability analysis revealed BST iFC to the centromedial amygdala region was significantly heritable, with BST iFC to the superficial
amygdala moving marginally outside the bounds of statistical significance after FDR correction. Principal components one and two were significantly
heritable, with age2 and sex explaining a small amount of variance in each, respectively.
Abbreviations: BST, bed nucleus of the stria terminalis; CeA, central nucleus of the amygdala; FDR, false-discovery rate; iFC, intrinsic functional
connectivity.
aBST-CeA amygdala iFC had only a fractional difference between the sporadic and polygenic model likelihood values; therefore, the heritability estimate
was 0.
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necessarily the case for iFC where heritability estimates can frequently
be zero (Elliott et al., 2018; Jansen et al., 2015). In an analysis of the
SNP-based heritability of various image-derived phenotypes in the
large UK Biobank human sample (n = 8,428), Elliot et al. reported that
out of 1771 connectivity edges investigated, only 235 showed evi-
dence of significant heritability, and the average H2r of the significant
results was around .15 (Elliott et al., 2018). The reasons for low iFC her-
itability estimates are not well understood but could reflect either com-
paratively noisy signal or simply the greater context-dependent
variability inherent within fluctuating connections (Cabeza, Stanley, &
Moscovitch, 2018). This makes the Fox primate finding of high herita-
bility (.45) all the more interesting, although the usefulness of compar-
ing the strength of heritability estimates across samples is limited as
they are highly influenced by their particular environment; something
compounded by comparing across species (Turkheimer, 2016). The fact
that we found a heritable connection with the centromedial and super-
ficial amygdala, and not specifically the CeA as was reported in Fox
et al., may again reflect difficulties in locating small anatomical regions
within the amygdala. With this in mind, our finding of H2r results of
.14, while smaller than the non-human primate evidence, is not zero
and is broadly in line with other estimates of the heritability of iFC find-
ings in humans (Elliott et al., 2018). Further examination in other human
samples could perhaps assess whether individualised task-based, natu-
ralistic fMRI, behaviourally defined (rather than self-reported) negative
disposition phenotypes, and/or the use of clinical groups influences the
heritability estimates of ExtA iFC (Finn et al., 2017). Larger twin-
samples with 7 T MRI data and rich phenotyping would also help to
resolve issues around the delineation of amygdala sub-region bound-
aries while allowing for co-heritability analysis, which is after all of pri-
mary interest given the suggestion of shared genetic mechanisms.
4.4 | Principal components and ExtA iFC
Our first principal component grouped together questionnaire items that
represented aspects of negative disposition (stress, fear, anxiety, depres-
sion), supporting previous work (Hur et al., 2019; Krueger et al., 2018;
Shackman et al., 2018; Shackman, Stockbridge, et al., 2016; Shackman,
Tromp, et al., 2016; Waszczuk et al., 2020). The ExtA is implicated by
numerous pre-clinical and human studies in aspects of negative disposi-
tion, in particular in relation to fear and anxiety (Fox & Shackman, 2019;
Hur et al., 2019). It is then perhaps surprising that we report no associa-
tions with this principal component across the ICNs. On closer inspection
of the literature, however, our finding is in keeping with other iFC studies
that have used non-clinical populations (Pedersen et al., 2020; Weis
et al., 2019). Weis et al. reported no robust associations within BST,
CeA, or BLA iFC with trait anxiety in a sample of healthy undergraduates
(Weis et al., 2019). This was also the case in a study by Pederson et al.
who, when looking at within ExtA (i.e., BST-CeA) iFC found no significant
associations with trait anxiety or negative affect in a healthy sample
(Pedersen et al., 2020).
Studies that do report ExtA associations with negative disposition
phenotypes are overwhelmingly conducted either in clinical
populations or during task-based fMRI where state anxiety or fear is
induced (Andreatta et al., 2015; Brinkmann et al., 2018; Choi,
Padmala, & Pessoa, 2012; Grupe, Oathes, & Nitschke, 2013;
Klumpers, Kroes, Baas, & Fernández, 2017; Mobbs et al., 2010; Naaz,
Knight, & Depue, 2019; Pedersen et al., 2020; Torrisi et al., 2019).
There could be a number of reasons for this discrepancy. It may sim-
ply be that in a relatively healthy sample, even with a large number of
participants, the variation in trait negative disposition is too small to
detect any resting-state ExtA network associations. Further to this,
recent research has suggested that there is a systematic sampling bias
whereby more anxious individuals are reluctant to undergo MRI scan-
ning (Charpentier et al., 2020). Second, although the ExtA is impli-
cated in studies that induce state anxiety, the networks involved in
this process may be different to those responsible for having high
anxiety as a trait. Torrisi et al. have demonstrated that the ExtA ICN
regions that differ between anxiety disorder patients and controls are
not the same as those recruited during state anxiety induction (Torrisi
et al., 2019). Further, when correlating anxiety symptoms in the
patient group with iFC, they found no overlap between the specific
anxiety symptoms and the regions that differentiated patients from
controls. This study, along with other recent findings (Porta-Casteràs
et al., 2020) suggests that clinical diagnoses, specific symptoms, and
trait measures may all be underpinned by different networks. It may
be the case then that at a neural level there is little continuity
between otherwise healthy people with, for example, high anxiety,
and clinical populations (Porta-Casteràs et al., 2020). As such, reveal-
ing the networks implicated in clinical disorders may not be as simple
as looking at typical trait variation and extrapolating from these find-
ings. As well, there is some evidence to suggest that individual differ-
ences are best observed under emotional or cognitive challenge,
rather than at rest (Finn et al., 2017; Stewart, Coan, Towers, &
Allen, 2014). In any case, despite associations using task-based, clini-
cal, and pre-clinical evidence, at present there does not seem to be
good evidence that iFC of the ExtA is related to self-reported negative
disposition in non-clinical human populations.
Likewise, and perhaps for similar reasons, we found no associa-
tion of ExtA iFC with our second PC, which represented alcohol-use.
Our sample did not consist of many heavy drinkers, with the median
drinks consumed per week being just two, which likely reduced our
chances of finding an effect. Despite quite a substantial body of pre-
clinical work linking the ExtA to alcohol consumption (Campbell
et al., 2019; Centanni, Bedse, Patel, & Winder, 2019; de Guglielmo
et al., 2019; Erikson et al., 2018; Harris & Winder, 2018; Kash, 2012;
Pleil et al., 2016; Roberto et al., 2020; Volkow et al., 2016), there is
very little investigation of the ExtA and alcohol use in humans; with
most work tending to focus on the amygdala proper (Hur et al., 2018;
Lebow & Chen, 2016). One study that did specifically examine ExtA
iFC found that under the influence of alcohol, BST and CeA reactivity
to emotional faces was dampened (Hur et al., 2018). Although we did
not find evidence of a self-report alcohol-use association in our sam-
ple, given the importance of understanding alcohol use behaviours
and the strength of evidence from the animal literature, ExtA neuro-
imaging work on the effects of alcohol in humans should remain a
1610 BERRY ET AL.
priority. Getting participants to drink alcohol (Hur et al., 2018),
utilising heavy drinkers, or making use of task-based fMRI (Finn
et al., 2017) could be a more fruitful approach for identifying ExtA-
alcohol associations.
Our estimates of negative disposition and alcohol use heritability
were broadly in line, if not slightly smaller, than similar human studies
(Han & Adolphs, 2020; Kranzler et al., 2019; Swan, Carmelli,
Rosenman, Fabsitz, & Christian, 1990; Zheng, Plomin, & von
Stumm, 2016). As mentioned above, however (Section 4.3), direct
comparison of the strength of heritability estimates across samples is
of limited value, and as such should not be over-interpreted
(Turkheimer, 2016). The covariates sex and age2 were statistically sig-
nificantly associated with alcohol use and negative disposition,
respectively. Age2 explained only a tiny amount of variance, and so
interpretation is limited in this case. The finding that being male is
associated with a small increase in alcohol use scores, however, is in
line with recent findings of US samples (White et al., 2015).
4.5 | Limitations
Our study has some limitations. First, our analyses were conducted
using 3 T MRI data. Although imaging at this field strength has been
found to accurately capture small regions such as the BST (Theiss
et al., 2017), higher resolution, and individualised anatomical
parcellations, would enable better characterisation of ExtA iFC net-
works. Additionally, it is the case that even the small BST structure is
made up of further sub-nuclei that may have distinct functions, a
point that is difficult to address using human MRI (Fox &
Shackman, 2019; Kim et al., 2013). Second, as is the case with all
seed-based correlation analyses, the interpretation of the results is
correlational only and mechanistic inferences including the direction-
ality of the connections cannot be inferred (Mohanty et al., 2020;
Pearlson, 2017). Third, although we aimed to be consistent with simi-
lar tf-fMRI HCP studies (Hofmann & Straube, 2019), our choice to
favour some pre-processing techniques over others, such as global
signal regression, could have impacted our findings (Glasser
et al., 2016; Murphy & Fox, 2017). This is unfortunately a limitation
upon all fMRI studies until a consensus approach on pre-processing
steps can be reached (Murphy & Fox, 2017). Finally, our questionnaire
measures were all self-report, which can sometimes affect the accu-
racy of the phenotyping (Rosenman, Tennekoon, & Hill, 2011). This
may be a particular problem for self-reported drinking behaviour as
previous studies have shown heavy-drinking to be underreported
(Northcote & Livingston, 2011).
4.6 | Conclusions and future directions
We used a large sample of high quality tf-fMRI data to assess the ICNs
of the two key ExtA nodes. Our ICN findings largely replicated previous
tf-fMRI mapping work, implicating the nodes in mostly overlapping ICNs
that includes iFC with medial pre-frontal, hippocampal, wider amygdala,
lateral temporal, and precuneus regions. Although for our analysis we
intended to establish the ExtA ICNs unencumbered by family related-
ness, so as to enable inferences to the wider population, future work
could intentionally explore how family relatedness influences the net-
works. This would allow for heritability and co-heritability analysis across
the entire ICNs, instead of a priori selected regions. We report for the
first time in humans that within BST- centromedial and superficial amyg-
dala iFC is heritable. We did not replicate the recent non-human primate
finding (Fox et al., 2018) of BST-CeA iFC co-heritability with an anxiety-
related phenotype. We found no evidence for network associations with
negative disposition or alcohol use principal components. Recent work
has suggested that self-report trait effects may not be associated with
the same neural networks as those identified under task-based condi-
tions and in clinical groups. Future work should explore further these dif-
ferences by using a combination of self-report, task-based measures, and
clinical groups (e.g., Porta-Casteràs et al., 2020). Given that this tf-fMRI
network appears to be reliably delineated across healthy samples,
researchers should move towards more causal approaches to probe its
function. As it has been shown that the ExtA has many functional and
structural cortical connections, one approach could be to use brain stim-
ulation techniques to alter the ExtA network via a cortical node to see
whether this impacts on related functions. This type of analysis has
already been used effectively to probe other subcortical–cortical net-
works, for example, those involving memory and the hippocampus
(e.g., Warren, Hermiller, Nilakantan, & Voss, 2019).
ACKNOWLEDGEMENT
This project was funded by a Wellcome Trust PhD studentship awarded
to Samuel Berry, grant reference: 215194/Z/19/Z. Data were provided
[in part] by the Human Connectome Project, WU-Minn Consortium
(Principal Investigators: David Van Essen and Kamil Ugurbil;
1U54MH091657) funded by the 16 NIH Institutes and Centers that sup-
port the NIH Blueprint for Neuroscience Research; and by the
McDonnell Center for Systems Neuroscience at Washington University.
CONFLICT OF INTEREST
The authors declare no conflict of interest.
DATA AVAILABILITY STATEMENT
All primary data used in this study is available on request from the
HCP, which can be found at https://www.humanconnectome.org/
study/hcp-young-adult. Output images from this study have been
uploaded to NeuroVault at https://identifiers.org/neurovault.
collection:8076. The code used to generate the data can be made
available upon request to the lead author (berrysc@cardiff.ac.uk).
ORCID
Samuel C. Berry https://orcid.org/0000-0003-0628-7391
Thomas M. Lancaster https://orcid.org/0000-0003-1322-2449
REFERENCES
Adhikari, B. M., Jahanshad, N., Shukla, D., Glahn, D. C., Blangero, J.,
Fox, P. T., … Kochunov, P. (2018). Comparison of heritability estimates
BERRY ET AL. 1611
on resting state fMRI connectivity phenotypes using the ENIGMA
analysis pipeline. Human Brain Mapping, 39(12), 4893–4902. https://
doi.org/10.1002/hbm.24331
Aggleton, J. P., Wright, N. F., Rosene, D. L., & Saunders, R. C. (2015). Com-
plementary patterns of direct amygdala and hippocampal projections
to the macaque prefrontal cortex. Cerebral Cortex, 25(11), 4351–4373.
https://doi.org/10.1093/cercor/bhv019
Ahrens, S., Wu, M. V., Furlan, A., Hwang, G.-R., Paik, R., Li, H., … Li, B.
(2018). A central extended amygdala circuit that modulates anxiety.
Journal of Neuroscience, 38(24), 5567–5583. https://doi.org/10.1523/
JNEUROSCI.0705-18.2018
Alheid, G. F., Beltramino, C. A., de Olmos, J. S., Forbes, M. S.,
Swanson, D. J., & Heimer, L. (1998). The neuronal organization of the
supracapsular part of the stria terminalis in the rat: The dorsal compo-
nent of the extended amygdala. Neuroscience, 84(4), 967–996.
Alheid, G. F., & Heimer, L. (1988). New perspectives in basal forebrain
organization of special relevance for neuropsychiatric disorders: The
striatopallidal, amygdaloid, and corticopetal components of substantia
innominata. Neuroscience, 27(1), 1–39.
Alheid, G. F. (2009). Extended amygdala. In M. D. Binder, N. Hirokawa, &
U. Windhorst (Eds.), Encyclopedia of neuroscience (pp. 1501–1506).
Berlin: Springer. https://doi.org/10.1007/978-3-540-29678-2_3221
Allegrini, A. G., Cheesman, R., Rimfeld, K., Selzam, S., Pingault, J.-B.,
Eley, T. C., & Plomin, R. (2020). The p factor: Genetic analyses support
a general dimension of psychopathology in childhood and adoles-
cence. Journal of Child Psychology and Psychiatry, 61(1), 30–39. https://
doi.org/10.1111/jcpp.13113
Almasy, L., & Blangero, J. (2010). Variance component methods for analy-
sis of complex phenotypes. Cold Spring Harbor Protocols, 2010(5), pdb.
top77. https://doi.org/10.1101/pdb.top77
Andreatta, M., Glotzbach-Schoon, E., Mühlberger, A., Schulz, S. M.,
Wiemer, J., & Pauli, P. (2015). Initial and sustained brain responses to
contextual conditioned anxiety in humans. Cortex, 63, 352–363.
https://doi.org/10.1016/j.cortex.2014.09.014
Avery, S. N., Clauss, J. A., & Blackford, J. U. (2016). The human BNST:
Functional role in anxiety and addiction. Neuropsychopharmacology, 41
(1), 126–141. https://doi.org/10.1038/npp.2015.185
Avery, S. N., Clauss, J. A., Winder, D. G., Woodward, N., Heckers, S., &
Blackford, J. U. (2014). BNST neurocircuitry in humans. NeuroImage,
91, 311–323. https://doi.org/10.1016/j.neuroimage.2014.01.017
Banks, S. J., Eddy, K. T., Angstadt, M., Nathan, P. J., & Phan, K. L. (2007).
Amygdala–frontal connectivity during emotion regulation. Social Cog-
nitive and Affective Neuroscience, 2(4), 303–312. https://doi.org/10.
1093/scan/nsm029
Battistella, G., Borghesani, V., Henry, M., Shwe, W., Lauricella, M.,
Miller, Z., … Gorno-Tempini, M. L. (2020). Task-free functional lan-
guage networks: Reproducibility and clinical application. Journal of
Neuroscience, 40(6), 1311–1320. https://doi.org/10.1523/
JNEUROSCI.1485-19.2019
Birn, R. M., Molloy, E. K., Patriat, R., Parker, T., Meier, T. B., Kirk, G. R., …
Prabhakaran, V. (2013). The effect of scan length on the reliability of
resting-state fMRI connectivity estimates. NeuroImage, 83, 550–558.
https://doi.org/10.1016/j.neuroimage.2013.05.099
Birn, R. M., Shackman, A. J., Oler, J. A., Williams, L. E., McFarlin, D. R.,
Rogers, G. M., … Kalin, N. H. (2014). Evolutionarily-conserved
prefrontal-amygdalar dysfunction in early-life anxiety. Molecular Psy-
chiatry, 19(8), 915–922. https://doi.org/10.1038/mp.2014.46
Bourbon-Teles, J., Bells, S., Jones, D. K., Coulthard, E., Rosser, A., &
Metzler-Baddeley, C. (2019). Myelin breakdown in human
Huntington's disease: Multi-modal evidence from diffusion MRI and
quantitative magnetization transfer. Neuroscience, 403, 79–92.
https://doi.org/10.1016/j.neuroscience.2017.05.042
Brinkmann, L., Buff, C., Feldker, K., Neumeister, P., Heitmann, C. Y.,
Hofmann, D., … Straube, T. (2018). Inter-individual differences in trait
anxiety shape the functional connectivity between the bed nucleus of
the stria terminalis and the amygdala during brief threat processing.
NeuroImage, 166, 110–116. https://doi.org/10.1016/j.neuroimage.
2017.10.054
Cabeza, R., Stanley, M. L., & Moscovitch, M. (2018). Process-specific alli-
ances (PSAs) in cognitive neuroscience. Trends in Cognitive Sciences, 22
(11), 996–1010. https://doi.org/10.1016/j.tics.2018.08.005
Campbell, R. R., Domingo, R. D., Williams, A. R., Wroten, M. G.,
McGregor, H. A., Waltermire, R. S., … Szumlinski, K. K. (2019).
Increased alcohol-drinking induced by manipulations of mGlu5 phos-
phorylation within the bed nucleus of the stria terminalis. The Journal
of Neuroscience, 39, 2745–2761. https://doi.org/10.1523/
JNEUROSCI.1909-18.2018
Cassell, M. D., Freedman, L. J., & Shi, C. (1999). The intrinsic organization
of the central extended amygdala. Annals of the New York Academy of
Sciences, 877, 217–241.
Centanni, S. W., Bedse, G., Patel, S., & Winder, D. G. (2019). Driving the
downward spiral: Alcohol-induced dysregulation of extended amyg-
dala circuits and negative affect. Alcoholism, Clinical and Experimental
Research, 43(10), 2000–2013. https://doi.org/10.1111/acer.14178
Charpentier, C. J., Faulkner, P., Pool, E., Ly, V., Tollenaar, M. S.,
Kluen, L. M., … O'Doherty, J. (2020). How representative are neuroim-
aging samples? Large-scale evidence for trait anxiety differences
between MRI and behaviour-only research participants. [Preprint].
PsyArXiv. https://doi.org/10.31234/osf.io/cqdne
Chiba, T., Kayahara, T., & Nakano, K. (2001). Efferent projections of
infralimbic and prelimbic areas of the medial prefrontal cortex in the
Japanese monkey, Macaca fuscata. Brain Research, 888(1), 83–101.
https://doi.org/10.1016/S0006-8993(00)03013-4
Ch'ng, S., Fu, J., Brown, R. M., McDougall, S. J., & Lawrence, A. J. (2018).
The intersection of stress and reward: BNST modulation of aversive
and appetitive states. Progress in Neuro-Psychopharmacology and Bio-
logical Psychiatry, 87, 108–125. https://doi.org/10.1016/j.pnpbp.
2018.01.005
Choi, J. M., Padmala, S., & Pessoa, L. (2012). Impact of state anxiety on the
interaction between threat monitoring and cognition. NeuroImage, 59
(2), 1912–1923. https://doi.org/10.1016/j.neuroimage.2011.08.102
Colclough, G. L., Smith, S. M., Nichols, T. E., Winkler, A. M.,
Sotiropoulos, S. N., Glasser, M. F., … Woolrich, M. W. (2017). The heri-
tability of multi-modal connectivity in human brain activity. eLife, 6.
https://doi.org/10.7554/eLife.20178
Crawford, B., Muhlert, N., MacDonald, G., & Lawrence, A. D. (2020). Brain
structure correlates of expected social threat and reward. Scientific
Reports, 10(1), 18010. https://doi.org/10.1038/s41598-020-74334-z
Davis, M., Walker, D. L., Miles, L., & Grillon, C. (2010). Phasic vs sustained
fear in rats and humans: Role of the extended amygdala in fear vs anxi-
ety. Neuropsychopharmacology, 35(1), 105–135. https://doi.org/10.
1038/npp.2009.109
de Guglielmo, G., Kallupi, M., Pomrenze, M. B., Crawford, E., Simpson, S.,
Schweitzer, P., … George, O. (2019). Inactivation of a CRF-dependent
amygdalofugal pathway reverses addiction-like behaviors in alcohol-
dependent rats. Nature Communications, 10(1), 1238. https://doi.org/
10.1038/s41467-019-09183-0
de Voogd, L. D., Klumpers, F., Fernández, G., & Hermans, E. J. (2017). Intrin-
sic functional connectivity between amygdala and hippocampus during
rest predicts enhanced memory under stress. Psychoneuroendocrinology,
75, 192–202. https://doi.org/10.1016/j.psyneuen.2016.11.002
Dickie, E. W., Anticevic, A., Smith, D. E., Coalson, T. S., Manogaran, M.,
Calarco, N., … Voineskos, A. N. (2019). ciftify: A framework for
surface-based analysis of legacy MR acquisitions. BioRxiv, 484428.
https://doi.org/10.1101/484428
Dziuban, C. D., & Shirkey, E. C. (1974). On the psychometric assessment
of correlation matrices. American Educational Research Journal, 11(2),
211–216.
Eickhoff, S. B., Stephan, K. E., Mohlberg, H., Grefkes, C., Fink, G. R.,
Amunts, K., & Zilles, K. (2005). A new SPM toolbox for combining
1612 BERRY ET AL.
probabilistic cytoarchitectonic maps and functional imaging data.
NeuroImage, 25(4), 1325–1335. https://doi.org/10.1016/j.neuroimage.
2004.12.034
Elliott, L. T., Sharp, K., Alfaro-Almagro, F., Shi, S., Miller, K. L., Douaud, G.,
… Smith, S. M. (2018). Genome-wide association studies of brain imag-
ing phenotypes in UK biobank. Nature, 562(7726), 210–216. https://
doi.org/10.1038/s41586-018-0571-7
Elliott, M. L., Knodt, A. R., Cooke, M., Kim, M. J., Melzer, T. R., Keenan, R.,
… Hariri, A. R. (2019). General functional connectivity: Shared features
of resting-state and task fMRI drive reliable and heritable individual
differences in functional brain networks. NeuroImage, 189, 516–532.
https://doi.org/10.1016/j.neuroimage.2019.01.068
Elliott, M. L., Knodt, A. R., Ireland, D., Morris, M. L., Poulton, R.,
Ramrakha, S., … Hariri, A. R. (2020). What is the test-retest reliability
of common task-functional MRI measures? New empirical evidence
and a meta-analysis. Psychological Science. https://doi.org/10.1177/
0956797620916786
Erikson, C. M., Wei, G., & Walker, B. M. (2018). Maladaptive behavioral
regulation in alcohol dependence: Role of kappa-opioid receptors in
the bed nucleus of the stria terminalis. Neuropharmacology, 140,
162–173. https://doi.org/10.1016/j.neuropharm.2018.07.034
Finn, E. S., Scheinost, D., Finn, D. M., Shen, X., Papademetris, X., &
Constable, R. T. (2017). Can brain state be manipulated to emphasize
individual differences in functional connectivity? NeuroImage, 160,
140–151. https://doi.org/10.1016/j.neuroimage.2017.03.064
Fisher, R. A. (1915). Frequency distribution of the values of the correlation
coefficient in samples from an indefinitely large population. Biometrika,
10(4), 507–521. https://doi.org/10.2307/2331838
Folloni, D., Sallet, J., Khrapitchev, A. A., Sibson, N., Verhagen, L., &
Mars, R. B. (2019). Dichotomous organization of amygdala/temporal-
prefrontal bundles in both humans and monkeys. eLife, 8, e47175.
https://doi.org/10.7554/eLife.47175
Fox, A. S., Oler, J. A., Birn, R. M., Shackman, A. J., Alexander, A. L., &
Kalin, N. H. (2018). Functional connectivity within the primate
extended amygdala is heritable and associated with early-life anxious
temperament. Journal of Neuroscience, 38, 102–118. https://doi.org/
10.1523/JNEUROSCI.0102-18.2018
Fox, A. S., Oler, J. A., Tromp, D. P. M., Fudge, J. L., & Kalin, N. H. (2015).
Extending the amygdala in theories of threat processing. Trends in
Neurosciences, 38(5), 319–329. https://doi.org/10.1016/j.tins.2015.
03.002
Fox, A. S., & Shackman, A. J. (2019). The central extended amygdala in fear
and anxiety: Closing the gap between mechanistic and neuroimaging
research. Neuroscience Letters, 693, 58–67. https://doi.org/10.1016/j.
neulet.2017.11.056
Fox, A. S., Shelton, S. E., Oakes, T. R., Converse, A. K., Davidson, R. J., &
Kalin, N. H. (2010). Orbitofrontal cortex lesions alter anxiety-related
activity in the primate bed nucleus of stria terminalis. Journal of Neuro-
science, 30(20), 7023–7027. https://doi.org/10.1523/JNEUROSCI.
5952-09.2010
Fudge, J. L., Kelly, E. A., Pal, R., Bedont, J. L., Park, L., & Ho, B. (2017).
Beyond the classic VTA: Extended amygdala projections to DA-striatal
paths in the primate. Neuropsychopharmacology, 42(8), 1563–1576.
https://doi.org/10.1038/npp.2017.38
Giardino, W. J., Eban-Rothschild, A., Christoffel, D. J., Li, S.-B.,
Malenka, R. C., & de Lecea, L. (2018). Parallel circuits from the bed
nuclei of stria terminalis to the lateral hypothalamus drive opposing
emotional states. Nature Neuroscience, 21(8), 1084–1095. https://doi.
org/10.1038/s41593-018-0198-x
Gilpin, N. W., Herman, M. A., & Roberto, M. (2015). The central amygdala as
an integrative hub for anxiety and alcohol use disorders. Biological Psychi-
atry, 77(10), 859–869. https://doi.org/10.1016/j.biopsych.2014.09.008
Glasser, M. F., Smith, S. M., Marcus, D. S., Andersson, J. L. R.,
Auerbach, E. J., Behrens, T. E. J., … van Essen, D. C. (2016). The Human
Connectome Project's neuroimaging approach. Nature Neuroscience,
19(9), 1175–1187. https://doi.org/10.1038/nn.4361
Glasser, M. F., Sotiropoulos, S. N., Wilson, J. A., Coalson, T. S., Fischl, B.,
Andersson, J. L., … Jenkinson, M. (2013). The minimal preprocessing
pipelines for the Human Connectome Project. NeuroImage, 80,
105–124. https://doi.org/10.1016/j.neuroimage.2013.04.127
Goode, T. D., Acca, G. M., & Maren, S. (2020). Threat imminence dictates
the role of the bed nucleus of the stria terminalis in contextual fear.
Neurobiology of Learning and Memory, 167, 107116. https://doi.org/
10.1016/j.nlm.2019.107116
Goode, T. D., & Maren, S. (2017). Role of the bed nucleus of the stria ter-
minalis in aversive learning and memory. Learning & Memory, 24(9),
480–491. https://doi.org/10.1101/lm.044206.116
Goode, T. D., Ressler, R. L., Acca, G. M., Miles, O. W., & Maren, S. (2019).
Bed nucleus of the stria terminalis regulates fear to unpredictable
threat signals. eLife, 8. https://doi.org/10.7554/eLife.46525
Gorka, A. X., Torrisi, S., Shackman, A. J., Grillon, C., & Ernst, M. (2018).
Intrinsic functional connectivity of the central nucleus of the amygdala
and bed nucleus of the stria terminalis. NeuroImage, 168, 392–402.
https://doi.org/10.1016/j.neuroimage.2017.03.007
Griffanti, L., Salimi-Khorshidi, G., Beckmann, C. F., Auerbach, E. J.,
Douaud, G., Sexton, C. E., … Smith, S. M. (2014). ICA-based artefact
removal and accelerated fMRI acquisition for improved resting state
network imaging. NeuroImage, 95, 232–247. https://doi.org/10.1016/
j.neuroimage.2014.03.034
Grupe, D. W., Oathes, D. J., & Nitschke, J. B. (2013). Dissecting the antici-
pation of aversion reveals dissociable neural networks. Cerebral Cortex,
23(8), 1874–1883. https://doi.org/10.1093/cercor/bhs175
Han, Y., & Adolphs, R. (2020). Estimating the heritability of psychological
measures in the Human Connectome Project dataset. PLoS One, 15(7),
e0235860. https://doi.org/10.1371/journal.pone.0235860
Harris, N. A., & Winder, D. G. (2018). Synaptic plasticity in the bed nucleus
of the stria terminalis: Underlying mechanisms and potential ramifica-
tions for reinstatement of drug- and alcohol-seeking behaviors. ACS
Chemical Neuroscience, 9(9), 2173–2187. https://doi.org/10.1021/
acschemneuro.8b00169
Heimer, L., & van Hoesen, G. W. (2006). The limbic lobe and its output
channels: Implications for emotional functions and adaptive behavior.
Neuroscience and Biobehavioral Reviews, 30(2), 126–147. https://doi.
org/10.1016/j.neubiorev.2005.06.006
Hofmann, D., & Straube, T. (2019). Resting-state fMRI effective connectiv-
ity between the bed nucleus of the stria terminalis and amygdala
nuclei. Human Brain Mapping, 40(9), 2723–2735. https://doi.org/10.
1002/hbm.24555
Honey, C. J., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J. P.,
Meuli, R., & Hagmann, P. (2009). Predicting human resting-state func-
tional connectivity from structural connectivity. Proceedings of the
National Academy of Sciences of the United States of America, 106(6),
2035–2040. https://doi.org/10.1073/pnas.0811168106
Hur, J., Kaplan, C. M., Smith, J. F., Bradford, D. E., Fox, A. S., Curtin, J. J., &
Shackman, A. J. (2018). Acute alcohol administration dampens central
extended amygdala reactivity. Scientific Reports, 8(1), 1–10. https://
doi.org/10.1038/s41598-018-34987-3
Hur, J., Smith, J. F., DeYoung, K. A., Anderson, A. S., Kuang, J., Kim, H. C.,
… Shackman, A. J. (2020). Anxiety and the neurobiology of uncertain
threat anticipation. BioRxiv. https://doi.org/10.1101/2020.02.25.
964734
Hur, J., Stockbridge, M. D., Fox, A. S., & Shackman, A. J. (2019). Disposi-
tional negativity, cognition, and anxiety disorders: An integrative trans-
lational neuroscience framework. Progress in Brain Research, 247,
375–436. https://doi.org/10.1016/bs.pbr.2019.03.012
Janak, P. H., & Tye, K. M. (2015). From circuits to behaviour in the
amygdala. Nature, 517(7534), 284–292. https://doi.org/10.1038/
nature14188
BERRY ET AL. 1613
Jansen, A. G., Mous, S. E., White, T., Posthuma, D., & Polderman, T. J. C.
(2015). What twin studies tell us about the heritability of brain devel-
opment, morphology, and function: A review. Neuropsychology Review,
25(1), 27–46. https://doi.org/10.1007/s11065-015-9278-9
Jenkinson, M., Beckmann, C. F., Behrens, T. E. J., Woolrich, M. W., &
Smith, S. M. (2012). FSL. NeuroImage, 62(2), 782–790. https://doi.org/
10.1016/j.neuroimage.2011.09.015
Johnston, J. B. (1923). Further contributions to the study of the evolution
of the forebrain. Journal of Comparative Neurology, 35(5), 337–481.
https://doi.org/10.1002/cne.900350502
Kash, T. L. (2012). The role of biogenic amine signaling in the bed nucleus
of the stria terminals in alcohol abuse. Alcohol, 46(4), 303–308.
https://doi.org/10.1016/j.alcohol.2011.12.004
Kedo, O., Zilles, K., Palomero-Gallagher, N., Schleicher, A., Mohlberg, H.,
Bludau, S., & Amunts, K. (2018). Receptor-driven, multimodal mapping
of the human amygdala. Brain Structure and Function, 223(4),
1637–1666. https://doi.org/10.1007/s00429-017-1577-x
Kelly, C., & Castellanos, F. X. (2014). Strengthening connections: Func-
tional connectivity and brain plasticity. Neuropsychology Review, 24(1),
63–76. https://doi.org/10.1007/s11065-014-9252-y
Kim, S.-Y., Adhikari, A., Lee, S. Y., Marshel, J. H., Kim, C. K., Mallory, C. S.,
… Deisseroth, K. (2013). Diverging neural pathways assemble a behav-
ioural state from separable features in anxiety. Nature, 496(7444),
219–223. https://doi.org/10.1038/nature12018
Klingler, J., & Gloor, P. (1960). The connections of the amygdala and of the
anterior temporal cortex in the human brain. The Journal of Comparative
Neurology, 115, 333–369. https://doi.org/10.1002/cne.901150305
Klumpers, F., Kroes, M. C. W., Baas, J. M. P., & Fernández, G. (2017). How
human amygdala and bed nucleus of the stria terminalis may drive dis-
tinct defensive responses. Journal of Neuroscience, 37(40), 9645–9656.
https://doi.org/10.1523/JNEUROSCI.3830-16.2017
Kochunov, P., Patel, B., Ganjgahi, H., Donohue, B., Ryan, M., Hong, E. L., …
Nichols, T. E. (2019). Homogenizing estimates of heritability among
SOLAR-Eclipse, OpenMx, APACE, and FPHI software packages in neu-
roimaging data. Frontiers in Neuroinformatics, 13. https://doi.org/10.
3389/fninf.2019.00016
Kranzler, H. R., Zhou, H., Kember, R. L., Vickers Smith, R., Justice, A. C.,
Damrauer, S., … Gelernter, J. (2019). Genome-wide association study
of alcohol consumption and use disorder in 274,424 individuals from
multiple populations. Nature Communications, 10(1), 1–11. https://doi.
org/10.1038/s41467-019-09480-8
Krueger, R. F., Kotov, R., Watson, D., Forbes, M. K., Eaton, N. R.,
Ruggero, C. J., … Zimmermann, J. (2018). Progress in achieving quanti-
tative classification of psychopathology. World Psychiatry, 17(3),
282–293. https://doi.org/10.1002/wps.20566
Krüger, O., Shiozawa, T., Kreifelts, B., Scheffler, K., & Ethofer, T. (2015).
Three distinct fiber pathways of the bed nucleus of the stria terminalis
to the amygdala and prefrontal cortex. Cortex, 66, 60–68. https://doi.
org/10.1016/j.cortex.2015.02.007
Lê, S., Josse, J., & Husson, F. (2008). FactoMineR: an R package for multi-
variate analysis. Journal of statistical software, 25(1), 1–18.
Lebow, M. A., & Chen, A. (2016). Overshadowed by the amygdala: The
bed nucleus of the stria terminalis emerges as key to psychiatric disor-
ders. Molecular Psychiatry, 21(4), 450–463. https://doi.org/10.1038/
mp.2016.1
Mai, J. K., Majtanik, M., & Paxinos, G. (2015). Atlas of the human brain, 4th
Edition. Cambridge, MA: Academic Press.
Martin, L. J., Powers, R. E., Dellovade, T. L., & Price, D. L. (1991). The bed
nucleus-amygdala continuum in human and monkey. The Journal of
Comparative Neurology, 309(4), 445–485. https://doi.org/10.1002/
cne.903090404
McDonald, A. J. (1998). Cortical pathways to the mammalian amygdala.
Progress in Neurobiology, 55(3), 257–332. https://doi.org/10.1016/
S0301-0082(98)00003-3
Mobbs, D., Yu, R., Rowe, J. B., Eich, H., FeldmanHall, O., & Dalgleish, T.
(2010). Neural activity associated with monitoring the oscillating
threat value of a tarantula. Proceedings of the National Academy of Sci-
ences of the United States of America, 107(47), 20582–20586. https://
doi.org/10.1073/pnas.1009076107
Mohanty, R., Sethares, W. A., Nair, V. A., & Prabhakaran, V. (2020). Rethinking
measures of functional connectivity via feature extraction. Scientific
Reports, 10(1). http://dx.doi.org/10.1038/s41598-020-57915-w.
Motzkin, J. C., Philippi, C. L., Oler, J. A., Kalin, N. H., Baskaya, M. K., &
Koenigs, M. (2015). Ventromedial prefrontal cortex damage alters rest-
ing blood flow to the bed nucleus of stria terminalis. Cortex, 64,
281–288. https://doi.org/10.1016/j.cortex.2014.11.013
Murphy, K., & Fox, M. D. (2017). Towards a consensus regarding global
signal regression for resting state functional connectivity MRI.
NeuroImage, 154, 169–173. https://doi.org/10.1016/j.neuroimage.
2016.11.052
Naaz, F., Knight, L. K., & Depue, B. E. (2019). Explicit and ambiguous threat
processing: Functionally dissociable roles of the amygdala and bed
nucleus of the stria terminalis. Journal of Cognitive Neuroscience, 31(4),
543–559. https://doi.org/10.1162/jocn_a_01369
Najafi, M., Kinnison, J., & Pessoa, L. (2017). Dynamics of intersubject brain
networks during anxious anticipation. Frontiers in Human Neuroscience,
11. https://doi.org/10.3389/fnhum.2017.00552
Nichols, T., Brett, M., Andersson, J., Wager, T., & Poline, J.-B. (2005). Valid
conjunction inference with the minimum statistic. NeuroImage, 25(3),
653–660. https://doi.org/10.1016/j.neuroimage.2004.12.005
Northcote, J., & Livingston, M. (2011). Accuracy of self-reported drinking:
Observational verification of ‘last occasion’ drink estimates of young
adults. Alcohol and Alcoholism, 46(6), 709–713. https://doi.org/10.
1093/alcalc/agr138
Oler, J. A., Birn, R. M., Patriat, R., Fox, A. S., Shelton, S. E.,
Burghy, C. A., … Kalin, N. H. (2012). Evidence for coordinated
functional activity within the extended amygdala of non-human
and human primates. NeuroImage, 61(4), 1059–1066. https://doi.
org/10.1016/j.neuroimage.2012.03.045
Oler, J. A., Tromp, D. P. M., Fox, A. S., Kovner, R., Davidson, R. J.,
Alexander, A. L., … Fudge, J. L. (2017). Connectivity between the cen-
tral nucleus of the amygdala and the bed nucleus of the stria terminalis
in the non-human primate: Neuronal tract tracing and developmental
neuroimaging studies. Brain Structure & Function, 222(1), 21–39.
https://doi.org/10.1007/s00429-016-1198-9
Pauli, W. M., Nili, A. N., & Tyszka, J. M. (2018). A high-resolution probabi-
listic in vivo atlas of human subcortical brain nuclei. Scientific Data, 5,
180063. https://doi.org/10.1038/sdata.2018.63
Pearlson, G. D. (2017). Applications of resting state functional mri to
neuropsychiatric diseases. Neuroimaging Clinics of North America,
27(4), 709.
Pedersen, W. S., Schaefer, S. M., Gresham, L. K., Lee, S. D., Kelly, M. P.,
Mumford, J. A., … Davidson, R. J. (2020). Higher resting-state BNST-
CeA connectivity is associated with greater corrugator supercilii reac-
tivity to negatively valenced images. NeuroImage, 207, 116428.
https://doi.org/10.1016/j.neuroimage.2019.116428
Plana-Ripoll, O., Pedersen, C. B., Holtz, Y., Benros, M. E., Dalsgaard, S., de
Jonge, P., … McGrath, J. J. (2019). Exploring comorbidity within mental
disorders among a Danish National Population. JAMA Psychiatry, 76(3),
259–270. https://doi.org/10.1001/jamapsychiatry.2018.3658
Pleil, K. E., Helms, C. M., Sobus, J. R., Daunais, J. B., Grant, K. A., &
Kash, T. L. (2016). Effects of chronic alcohol consumption on neuronal
function in the non-human primate BNST. Addiction Biology, 21(6),
1151–1167. https://doi.org/10.1111/adb.12289
Porta-Casteràs, D., Fullana, M. A., Tinoco, D., Martínez-Zalacaín, I.,
Pujol, J., Palao, D. J., … Cardoner, N. (2020). Prefrontal-amygdala con-
nectivity in trait anxiety and generalized anxiety disorder: Testing the
boundaries between healthy and pathological worries. Journal of
1614 BERRY ET AL.
Affective Disorders, 267, 211–219. https://doi.org/10.1016/j.jad.2020.
02.029
Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L., & Petersen, S. E.
(2012). Spurious but systematic correlations in functional connectivity
MRI networks arise from subject motion. NeuroImage, 59(3),
2142–2154. https://doi.org/10.1016/j.neuroimage.2011.10.018
Roberto, M., Kirson, D., & Khom, S. (2020). The role of the central amyg-
dala in alcohol dependence. Cold Spring Harbor Perspectives in Medi-
cine. https://doi.org/10.1101/cshperspect.a039339
Rogers, B. P., Morgan, V. L., Newton, A. T., & Gore, J. C. (2007). Assessing
functional connectivity in the human brain by FMRI. Magnetic Reso-
nance Imaging, 25(10), 1347–1357. https://doi.org/10.1016/j.mri.
2007.03.007
Rosenman, R., Tennekoon, V., & Hill, L. G. (2011). Measuring bias in self-
reported data. International Journal of Behavioural & Healthcare
Research, 2(4), 320–332. https://doi.org/10.1504/IJBHR.2011.
043414
Salimi-Khorshidi, G., Douaud, G., Beckmann, C. F., Glasser, M. F.,
Griffanti, L., & Smith, S. M. (2014). Automatic denoising of functional
MRI data: Combining independent component analysis and hierarchi-
cal fusion of classifiers. NeuroImage, 90, 449–468. https://doi.org/10.
1016/j.neuroimage.2013.11.046
Schwaferts, P. M. (2017). Effects of signal dropout in resting-state fMRI
data of the Human Connectome Project on functional connectivity.
https://doi.org/10.5282/ubm/epub.41007
Seeley, W. W., Menon, V., Schatzberg, A. F., Keller, J., Glover, G. H.,
Kenna, H., … Greicius, M. D. (2007). Dissociable intrinsic connectivity
networks for salience processing and executive control. Journal of Neu-
roscience, 27(9), 2349–2356. https://doi.org/10.1523/JNEUROSCI.
5587-06.2007
Shackman, A. J., Stockbridge, M. D., Tillman, R. M., Kaplan, C. M.,
Tromp, D. P. M., Fox, A. S., & Gamer, M. (2016). The neurobiology of
dispositional negativity and attentional biases to threat: Implications
for understanding anxiety disorders in adults and youth. Journal of
Experimental Psychopathology, 7(3), 311–342. https://doi.org/10.
5127/jep.054015
Shackman, A. J., Tromp, D. P. M., Stockbridge, M. D., Kaplan, C. M.,
Tillman, R. M., & Fox, A. S. (2016). Dispositional negativity: An integra-
tive psychological and neurobiological perspective. Psychological Bulle-
tin, 142(12), 1275–1314. https://doi.org/10.1037/bul0000073
Shackman, A. J., Weinstein, J. S., Hudja, S. N., Bloomer, C. D.,
Barstead, M. G., Fox, A. S., & Lemay, E. P. (2018). Dispositional nega-
tivity in the wild: Social environment governs momentary emotional
experience. Emotion, 18(5), 707–724. https://doi.org/10.1037/
emo0000339
Smith, S. M., Andersson, J., Auerbach, E. J., Beckmann, C. F.,
Bijsterbosch, J., Douaud, G., … Glasser, M. F. (2013). Resting-state
fMRI in the Human Connectome Project. NeuroImage, 80, 144–168.
https://doi.org/10.1016/j.neuroimage.2013.05.039
Smith, S. M., & Nichols, T. E. (2009). Threshold-free cluster enhancement:
Addressing problems of smoothing, threshold dependence and
localisation in cluster inference. NeuroImage, 44(1), 83–98. https://doi.
org/10.1016/j.neuroimage.2008.03.061
Stamatakis, A. M., Sparta, D. R., Jennings, J. H., McElligott, Z. A.,
Decot, H., & Stuber, G. D. (2014). Amygdala and bed nucleus of the
stria terminalis circuitry: Implications for addiction-related behaviors.
Neuropharmacology, 76, 320–328. https://doi.org/10.1016/j.
neuropharm.2013.05.046
Stefanacci, L., & Amaral, D. G. (2002). Some observations on cortical inputs
to the macaque monkey amygdala: An anterograde tracing study. Jour-
nal of Comparative Neurology, 451(4), 301–323. https://doi.org/10.
1002/cne.10339
Stewart, J. L., Coan, J. A., Towers, D. N., & Allen, J. J. B. (2014). Resting
and task-elicited prefrontal EEG alpha asymmetry in depression:
Support for the capability model. Psychophysiology, 51(5), 446–455.
https://doi.org/10.1111/psyp.12191
Suárez, L. E., Markello, R. D., Betzel, R. F., & Misic, B. (2020). Linking struc-
ture and function in macroscale brain networks. Trends in Cognitive Sci-
ences, 24(4), 302–315. https://doi.org/10.1016/j.tics.2020.01.008
Swan, G. E., Carmelli, D., Rosenman, R. H., Fabsitz, R. R., & Christian, J. C.
(1990). Smoking and alcohol consumption in adult male twins: Genetic
heritability and shared environmental influences. Journal of Substance
Abuse, 2(1), 39–50. https://doi.org/10.1016/S0899-3289(05)80044-6
Sylvester, C. M., Yu, Q., Srivastava, A. B., Marek, S., Zheng, A.,
Alexopoulos, D., … Dosenbach, N. U. F. (2020). Individual-specific func-
tional connectivity of the amygdala: A substrate for precision psychiatry.
Proceedings of the National Academy of Sciences of the United States of
America, 117, 3808–3818. https://doi.org/10.1073/pnas.1910842117
Theiss, J. D., Ridgewell, C., McHugo, M., Heckers, S., & Blackford, J. U.
(2017). Manual segmentation of the human bed nucleus of the stria
terminalis using 3T MRI. NeuroImage, 146, 288–292. https://doi.org/
10.1016/j.neuroimage.2016.11.047
Thomas Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R.,
Lashkari, D., Hollinshead, M., … Buckner, R. L. (2011). The organization
of the human cerebral cortex estimated by intrinsic functional connec-
tivity. Journal of Neurophysiology, 106(3), 1125–1165. https://doi.org/
10.1152/jn.00338.2011
Tillman, R. M., Stockbridge, M. D., Nacewicz, B. M., Torrisi, S., Fox, A. S.,
Smith, J. F., & Shackman, A. J. (2018). Intrinsic functional connectivity
of the central extended amygdala. Human Brain Mapping, 39(3),
1291–1312. https://doi.org/10.1002/hbm.23917
Torrisi, S., Alvarez, G. M., Gorka, A. X., Fuchs, B., Geraci, M., Grillon, C., &
Ernst, M. (2019). Resting-state connectivity of the bed nucleus of the
stria terminalis and the central nucleus of the amygdala in clinical anxi-
ety. Journal of Psychiatry and Neuroscience, 44(5), 313–323. https://
doi.org/10.1503/jpn.180150
Torrisi, S., O'Connell, K., Davis, A., Reynolds, R., Balderston, N.,
Fudge, J. L., … Ernst, M. (2015). Resting state connectivity of the bed
nucleus of the stria terminalis at ultra-high field. Human Brain Mapping,
36(10), 4076–4088. https://doi.org/10.1002/hbm.22899
Turkheimer, E. (2016). Weak genetic explanation 20 years later: Reply to
Plomin et al. (2016). Perspectives on Psychological Science: A Journal of
the Association for Psychological Science, 11(1), 24–28. https://doi.org/
10.1177/1745691615617442
Tyszka, J. M., & Pauli, W. M. (2016). In vivo delineation of subdivisions of
the human amygdaloid complex in a high-resolution group template.
Human Brain Mapping, 37(11), 3979–3998. https://doi.org/10.1002/
hbm.23289
van Essen, D. C., Ugurbil, K., Auerbach, E., Barch, D., Behrens, T. E. J.,
Bucholz, R., … WU-Minn HCP Consortium. (2012). The Human
Connectome Project: A data acquisition perspective. NeuroImage, 62(4),
2222–2231. https://doi.org/10.1016/j.neuroimage.2012.02.018
Volkow, N. D., Koob, G. F., & McLellan, A. T. (2016). Neurobiologic
advances from the brain disease model of addiction. New England Jour-
nal of Medicine, 374(4), 363–371. https://doi.org/10.1056/
NEJMra1511480
Walker, D. L., Miles, L. A., & Davis, M. (2009). Selective participation of the
bed nucleus of the stria terminalis and CRF in sustained anxiety-like
versus phasic fear-like responses. Progress in Neuro-
Psychopharmacology and Biological Psychiatry, 33(8), 1291–1308.
https://doi.org/10.1016/j.pnpbp.2009.06.022
Warren, K. N., Hermiller, M. S., Nilakantan, A. S., & Voss, J. L. (2019). Stim-
ulating the hippocampal posterior-medial network enhances task-
dependent connectivity and memory. eLife, 8, e49458. https://doi.
org/10.7554/eLife.49458
Waszczuk, M. A., Eaton, N. R., Krueger, R. F., Shackman, A. J.,
Waldman, I. D., Zald, D. H., … Kotov, R. (2020). Redefining phenotypes
to advance psychiatric genetics: Implications from hierarchical
BERRY ET AL. 1615
taxonomy of psychopathology. Journal of Abnormal Psychology, 129(2),
143–161. https://doi.org/10.1037/abn0000486
Weintraub, S., Dikmen, S. S., Heaton, R. K., Tulsky, D. S., Zelazo, P. D.,
Bauer, P. J., … Gershon, R. C. (2013). Cognition assessment using the
NIH toolbox. Neurology, 80(11 Suppl 3), S54–S64. https://doi.org/10.
1212/WNL.0b013e3182872ded
Weis, C., Huggins, A. A., Bennett, K. P., Parisi, E. A., & Larson, C. L. (2019).
High resolution resting state functional connectivity of the extended
amygdala. Brain Connectivity, 9(8), 627–637. https://doi.org/10.1089/
brain.2019.0688
White, A., Castle, I.-J. P., Chen, C. M., Shirley, M., Roach, D., & Hingson, R.
(2015). Converging patterns of alcohol use and related outcomes
among females and males in the United States, 2002 to 2012. Alcohol-
ism, Clinical and Experimental Research, 39(9), 1712–1726. https://doi.
org/10.1111/acer.12815
Winkler, A. M., Webster, M. A., Brooks, J. C., Tracey, I., Smith, S. M., &
Nichols, T. E. (2016). Non-parametric combination and related permu-
tation tests for neuroimaging. Human Brain Mapping, 37(4),
1486–1511. https://doi.org/10.1002/hbm.23115
Winkler, A. M., Webster, M. A., Vidaurre, D., Nichols, T. E., & Smith, S. M.
(2015). Multi-level block permutation. NeuroImage, 123, 253–268.
https://doi.org/10.1016/j.neuroimage.2015.05.092
Xu, C., Krabbe, S., Gründemann, J., Botta, P., Fadok, J. P., Osakada, F., …
Lüthi, A. (2016). Distinct hippocampal pathways mediate dissociable
roles of context in memory retrieval. Cell, 167(4), 961–972.e16.
https://doi.org/10.1016/j.cell.2016.09.051
Yang, Z., Zuo, X.-N., McMahon, K. L., Craddock, R. C., Kelly, C., de
Zubicaray, G. I., …Wright, M. J. (2016). Genetic and environmental contri-
butions to functional connectivity architecture of the human brain. Cere-
bral Cortex, 26(5), 2341–2352. https://doi.org/10.1093/cercor/bhw027
Zheng, Y., Plomin, R., & von Stumm, S. (2016). Heritability of intra-
individual mean and variability of positive and negative affect: Genetic
analysis of daily affect ratings over a month. Psychological Science, 27
(12), 1611–1619. https://doi.org/10.1177/0956797616669994
Ziyatdinov, A., Brunel, H., Martinez-Perez, A., Buil, A., Perera, A., &
Soria, J. M. (2016). solarius: An R interface to SOLAR for variance
component analysis in pedigrees. Bioinformatics, 32(12), 1901–1902.
https://doi.org/10.1093/bioinformatics/btw080
SUPPORTING INFORMATION
Additional supporting information may be found online in the
Supporting Information section at the end of this article.
How to cite this article: Berry SC, Wise RG, Lawrence AD,
Lancaster TM. Extended-amygdala intrinsic functional
connectivity networks: A population study. Hum Brain Mapp.
2021;42:1594–1616. https://doi.org/10.1002/hbm.25314
1616 BERRY ET AL.
